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Kinetic (or compartment) modeling is a highly versatile tool for the

analysis of experiments within livingsystems. In PET, it is essential
for developingtracers, for assessingtracer behaviorand for extract
ing quantitative information about the target process. However,
tools to support the modelingtasks involvedare not easilyavailable.
Methods: This article presents a requirementsanalysis for kinetic
modeling in PET.The interactive kinetic modeling tool KMZ imple
ments many of these features.It facilitatesmodel developmentby a
set of predefined models and by the ease of introducing new

models. Monte Carlo studies allow assessingparameteridentifiabil
ity. The responses in the different compartments

as well as the

expected time-activity curve can be simulated for specific model
configurations.For measuredtime-activity curves, model optimiza
tion can be performed by the Powell or the Marquardt algorithm.
Both support weighted nonlinear least-squares fitting and allow
optional constraintsof parameterranges.To further improve param
eterestimation,thefittingofseveralregionaltime-activitycurvescan
be coupled, resulting in lower standard errors for parameters corn
rnon among regions. It is possible to highly automate the evaluation

of study series and to forward the results into statistical analysis
tools. Results: The KMZ tool has provenhighlysuitablein evaluating
data from different types of studies, and the intuitive user interface
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model, which is then validated by fitting the model to experi
mental data. On a negative outcome, the cycle must be repeated,
otherwise the model can be further evaluated for practical
application.
Second, there are some important dynamic PET protocols
that allow the pixel-wise assessment of functional parameters,
such as tissue perfusion (2,3), glucose metabolism (4â€”6)and
oxygen extraction (7,8). In these cases, the model was success
fully reduced to a form supported by the noisy time-activity
curve (TAC) in each pixel, and robust estimation techniques
have been found to calculate the parameters of interest. How
ever, pixel-wise modeling is not feasible for many PET tracers.
The TACs of functionally homogeneous regions must then be
considered rather than those of individual pixels.
This outline shows that kinetic modeling is of high signifi
cance with PET. However, there are few adequate software
tools available today. This article first presents a summary of
the requirements for a kinetic modeling package. It then
describes an implementation that is aimed at flexibility, reli
ability and ease-of-use.

enables medical doctors to successfully perform routine evaluations

after a short training period. Conclusion: A portable kinetic model
ing tool with the described features would provide easy access to
model development and may help consolidate kinetic modeling in
clinical settings for well-defined applications.
Key Words: tracer kinetic modeling; coupled fitting; modeling soft
ware
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ICinetic
modeling is a highly versatile tool for analyzing
experiments in living systems, with applications in many
branches of biology. The degree of model sophistication de
pends on the available experimental data. Very detailed models
can be applied in pharmacology and physiology under tightly
controlled experimental conditions. In nuclear medicine, how
ever, data acquisition is much less controllable. With PET and,
to a lesser extent SPECT, it is possible to obtain quantitative
data, although with several inherent limitations. The temporal
resolution is limited to 1â€”5sec, and the resulting images are
relatively noisy. As a consequence, only relatively simple
compartment models can be applied to the analysis ofPET data.
These constraints are important for the development of
quantitative PET tracers. Their kinetics must be resolvable in
the time range of a PET study, and the different tracer states
must be adequately described by a few compartments. Several
stages are involved in the development ofa compartment model
suitable for a tracer (1). First, a comprehensive model taking
into account physiology and biochemistry is formulated. It is
transformed into a mathematically workable compartment
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MATERIALS AND METhODS
Requirements
In the model development phase, a scientist must be fully aware
of the mathematics of both the model representation and the
estimation algorithm. She must be able to add models not sup
ported so far and to introduce new fitting strategies. The testing of
modeling alternatives with a series of studies generally involves a
large number of trials. The aim is to find that combination of a
kinetic model plus a fitting strategy that provide optimal informa
tion, that is the model with maximal detail at an acceptable s.e. of
the parameter estimates. Therefore, the data (multiple TACs per
subject for various subjects) must be analyzed with different
models and, possibly, with different fitting strategies. In this
respect, a batch processing mode is very helpful. It performs all the
fits, saves the results for subsequent inspection and prepares the
resulting parameter estimates, their s.e. plus a goodness-of-fit
figure for import into a statistics tool such as SAS (SAS Institute
Inc., Cary, NC). There, the model comparison can be performed
using state-of-the-art statistical procedures.
Once the model has been selected, the acquisition protocol must
be optimized for maximal confidence of the resulting parameter
estimates. One possibility is to use Monte Carlo simulations as
follows: for a typical input curve, the expected TAC for an
acquisition protocol can be calculated from the model equations.
Many experiments are simulated by adding measurement noise to
the synthetic TAC. The resulting â€œexperimentalâ€•
TACs are fitted
and the parameter estimates statistically analyzed. The acquisition
protocol is adjusted to minimize the variance of the result param
eters.
When a protocol has been developed to preclinical or clinical
usage, user-friendliness of the kinetic modeling software becomes
a major factor. Important aspects are ease of data import, model
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selection, processing speed, means to assess the s.e. of the
parameter estimates found and result documentation.
A kinetic modeling package with visual capabilities is also a
valuable education tool. Given an input curve, the time course of
tracer concentration in the different compartments as well as the
expected time-activity curve can be calculated and displayed. This
may elucidate tracer characteristics, the impact of the tracer
application paradigm (slow or fast bolus, infusion, combinations
thereof) and the sampling scheme.
Theory
In kinetic modeling, the system to be observed is modeled as a
set of macroscopic subsystems, called compartments. A compart
ment may represent a tracer in a certain space (separated by
membranes) or in a specific form (different chemical bindings).
Each compartment is assumed to be homogeneous. The compart
ments interact with each other, and possibly with the environment,
by exchanging material. These mass exchanges obey conservation
laws which allow for a mathematical description of the system. A
comprehensive theory of the different aspects of compartment
modeling is given in Jacquez (9). Here we summarize the most
important results in the context of nuclear medicine. The formula
tions are given in concentrations that can be derived from the
quantities of the underlying mass exchanges.
A compartment model can be characterized by a system of
differential equations in the form:
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Eq. 1
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as illustrated in Figure 1. Here c.(t) denotes the instantaneous tracer

@

concentration in compartment i,

the fractional turnover (transfer

coefficient) from compartment j into compartment i (i*j),

@

@

s1(t) the

inflow from the environment (i.e., the input curve). Note that
k@1c1(t)
describes total fractional turnover of compartment i, that is
the total fractional outflow.
Due to the reductions required in nuclear medicine, the resulting
systems are predominantly linear and with constant transfer coef
ficients . For these systems, an analytical solution for c.(t) can in
principle be derived (9). However, the derivations are cumbersome
and result in lengthy expressions even for small systems (n
4,
most
= 0). For nonlinear systems, a general solution cannot be
given. A typical nonlinear situation may arise in receptor studies.

different meanings.Also, the mass fluxes may behavedifferentlyand, thus,

giveriseto distinctsystemsof differentialequaliorisassummarizedinTable
1. A common simplifiednotationfor the transfercoefficientsis used,
K1,k,k@,k@
ratherthank@1,k12,k@,k@3.
As long as the receptor system is far from saturation, the transfer
of ligand to the receptors can be assumed to behave linearly
according to:
k32c2,

Eq. 2

where c2(t) denotes the concentration of free ligand (Fig. 2, Table
1). Approaching saturation, however, the transfer must be modeled
as:
k32c2(Bm@ c3),

Eq. 3

with the total receptor concentration Bm@ and concentration of
ligand bound to receptors c3(t) (10). l'his means the fractional
transfer coefficient is given by k32(Bm@c3) and, hence, is time
dependent.
It is now clear that a general and flexible kinetic modeling tool
cannot rely fully on analytical solutions of system (1). The
alternative is explicit numerical integration for given initial condi
tions. Numerical techniques are readily available (11).
The theory discussed so far is able to predict the response in the
different compartments of a model with known structure to a
specific input. In PET studies, however, the problem is the reverse.
Some measurement of the system response is given, and the
compartment structure should be identified. One part of the job is
to find the number of compartments and their connections, in other
words, model development. The next part is to calculate the actual
transfer coefficients
An issue related to both problems is the
question of structural identifiability: Given a compartment model
and an experimental setup, is it theoretically possible to uniquely
identify all the parameters
from accurate, noise-free samples?
This question can be affirmed readily if the concentrations in all
compartments of a linear system are measurable (9). However, in
PET there is not that much information. What then remains is to
specify an algorithm as to how to estimate the parameters from the
noisy TACs and to give a measure of their s.e.
To estimate the parameters, an operational equation must be
formulated that models both the tissue response and the acquisition
process. A PET scanner samples the average activity concentration
y(t@)during time frames tak through tek. In this case the operational
equation is basically given by:
5@(t@)
=

@:Jci(t)
i=l,..,n
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Table 1
Predefined Kinetic Models

2
2A

Model

Estimation of

BK1,

k2
K1,k2Calculation

Comment

Reference

Differential equations

by table lookup; adequate(2)
for pixel-wise fitting.

K1, k2, dispersion,
delay

Includes delay and dispersion of the
input curve in the model; performs
implicit deconvolution.

(76)

Allows coupling of K1/k2 between
regional TACs.

(22)

3
3

D
E

K1, k2, k3, k4
K1, K1/K2, k3, k4

3

F

MRGlu

Patlak plot; graphical analysis not
yielding individual coefficients.

(27)

3

G

K1,k2, k3, k4,
Bâ„¢,

Nonlinear model for receptor tracers;
parameter identifiability is a major
issue.

(10)

-r1 = K|Cp- (k, + kjJC,+ k4C2

aa_
a, -"Â»h

K^2

ac,

~^" = KICP ~ k:Ci ~ kiCi(Bmax - '
dC2_
flt
'

*

â€”

K-iOilD

3 '

m"

O-,)

k4C2

K.OT

n = Number of compartments.
K1/K2 = Distribution volume of free and nonspecifically bound ligand in tissue; may be common among regions.
MRGlu = Metabolic rate of glucose.
B, C = Perfusion models; K1 means flow, k2 equals flow/partition coefficient.
Cp, etc. = See Figure 4 for notations.

where the Cj(t) are defined by Equation I. The unknowns kjj are
involved in the calculation of cÂ¡(t).They must be adjusted in a way
that the model curve y(t) resulting from the operational equation
optimally matches the measured TAC curve y(t). The most
commonly used approach is least-squares fitting, where the crite
rion to be minimized is the summed squares of the differences
between the measured and the model curve:
X2=

wk[y(tk) - y(tk)]2

Eq.5

k=l...,m

at the m available sampling times. In theory, the weights wk should
be inverse to the variance of the kth sample:
wk =

1

Eq. 6

In practical situations the probability distribution of y(tk) is often
difficult to assess. An exception is pure radioactivity counting over
some time interval. In this case y(tk) has a Poisson distribution and:

= xy(tk).

Eq.7

This formula is not adequate, however, for reconstructed emission
tomography (12). Lacking better estimates of the variances, uni
form weighting wk = w is often used in the fitting of TACs in PET.
The minimization of Equation 5 generally is a nonlinear estima
tion problem that must be solved using iterative search methods.
There are different computational approaches available that share
the operation principle: a set of initial parameter values ky is
chosen and the cost function (Eq. 5) evaluated; in other words, first
the concentrations cÂ¡(t)are calculated by integrating Equation 1
entered into the functional equation Equation 4 to yield the
expected model curve, and, finally, the deviations at the sample
points are evaluated. From this initial point in the parameter space
an iterative search begins. According to method-specific strategies,
new combinations of parameter values are generated that promise
maximal reduction of the cost function X2. Successful trials are
1820

pursued, and thus the search follows a path through the parameter
space. Hereby, the cost function is constantly improved or, in other
words, the match between calculated model curve and measured
curve gradually improves. The search is stopped once no signifi
cant improvement can be achieved any more, that is if it has arrived
at a minimum. It must be emphasized that with these iterative
approaches one can never be sure that the minimum found is the
global minimum. Thus, the final ki: are just candidates for the
optimal parameters we were looking for. The choice of good initial
parameter values is crucial and if the search can be restricted to
biologically meaningful parameter ranges, we are more likely not
to get stuck in a misleading local minimum.
Even though the model might be perfectly adequate, the mea
sured samples are noisy and will most likely lead to a discrepancy
between true and estimated parameters. Since the noise level is
often fairly high in dynamic PET studies, it is important for the user
to get some confidence measure of the resulting estimates. A
"standard error" can be obtained from the curvature matrix of the
X2 cost function. Flannery et al. (//) emphasize that these figures
should be treated as "formal standard errors" that have a direct
relation to the true standard only under conditions rarely met in
practical situations. An alternative is the use of Monte Carlo
simulations. They provide more realistic standard errors if the
kinetic model behavior and the noise characteristics are well
understood and correctly modeled (13).
Implementation
The global structure of the software KMZ is illustrated in Figure
3. It consists of two modules linked by a few procedure calls. The
user interface module handles all interactions. It provides a
graphical interface (Fig. 4) that allows the user to load data,
configure the kinetic model, do some preprocessing steps, start the
parameter estimation and document and save the results. The
numerics module does all required calculations, such as integration
of the system of differential equations and nonlinear least-squares
optimization. When the user submits an estimation, one procedure
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FIGURE 3. Global software structure of the interactive kinetic modeling tool
KMZ.

of the numerics module is called with all data and model config
urations as parameters. It returns the estimated parameters, their
formal standard errors and the time courses of the functional
equation y(t) and of all compartmental concentrations Cj(tk). A
visual feedback is then given to the user that allows him to compare
measurement and model. The user interface module is realized in
PV-WAVE Advantage 5.0 (Visual Numerics, Boulder, CO), while
the numerics module is in ANSI C. The clear separation allows
using the modeling functionality for noninteractive purposes and
, File
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Exponentials
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method of polynomial extrapolation. The numerical algorithms
mentioned were implemented by adapting the procedures given in
Numerical Recipes in C (11).

RESULTS AND DISCUSSION

The KMZ kinetic modeling software supports the following
functionality.
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easily facilitates replacement of the user interface. Addition of a
new model is straightforward. Basically, some descriptions of the
model parameters are necessary to generate the user interface, and
a procedure implementing the system from Equation 1 is required
for model calculations.
The evaluation of the functional equations belonging to the
different model configurations is based on numerical procedures
rather than analytical solutions. Hereby the system of differential
equations (Eq. 1) is integrated using a fifth-order Runge-Kutta
algorithm with adaptive stepsize control, and the timing of the PET
frames is considered. Nonlinear least-squares optimization of the
cost function (Eq. 5) is performed using either a Powell or
Marquardt search strategy. Both are able to handle range restric
tions of any subset of the optimized parameters. The derivatives
necessary for the Marquardt algorithm are calculated by Ridder's
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FIGURE 4. Graphical user interface of KMZ. (1) Measured TAC (diamonds) and matched operational equation (solidline).(2) Input curve. (3)Total blood activity
used for spillover correction. (4) The value c,(t) according to Figure 2. (5) The value c?(t). (6) Selected kinetic model. (7) Selected input curve model; here the
tail of the measured curve is replaced by a sum of three exponentials starting at 0.83 min, but the distinction is not noticeable at this graphical resolution. (8)
Parameters of the kinetic model; entered or estimated value and a s.e. indication; pressed buttons represent enabled fit. (9) Derived values. (10) Parameters
of the input curve model. (11) Fitting method. (12) Selection among regional TACs. (13) Push-buttons to increment/decrement parameter values with
immediate refresh of the display for "manual fitting." The user can zoom into each subarea of the graphics and print all the information shown on a report page.
Data courtesy: R. Innis, School of Medicine, Department of Psychiatry, Yale University, New Haven, CT.
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Data Import/Export
All the input and output files are in plain ASCII text and have
a tab-delimited structure. Therefore, they are easy to prepare,
inspect and exchange with other programs, such as EXCEL or
SAS. Once the measured blood and TAC data have been loaded
and processed, all information can be stored in a KMZ-specific
ASCII file. On reopening the file, the session is reconfigured to
the previous processing state.
Kinetic Model Configuration
There are several pre-defined models the user can select from
(Fig. 2, Table 1). For each parameter in the model, she can
specify an initial value and set its fit characteristics: shall it be
kept as-is or shall it be estimated, and in the latter case, shall it
be confined to a certain parameter range. Schemes for least
squares weighting also can be selected from a list.
Blood Pre-Processing
During blood transport the shape of a tracer bolus gets
continuously broadened (dispersed). Due to path-length differ
ences of the bolus to the (external) sampling site and to the
organ of interest, the input curve appears relatively dispersed
(14). Two correction approaches are available. One corrects for
the extra dispersion in the tubing of a continuous external
sampling device (15). The other treats dispersion as a convo
lution of the bolus with an exponential kernel, the decay
constant of which is obtained as an additional estimation
parameter (14,16). Noise in the input curve has an effect on the
parameter estimates (1 7,18). Therefore, the option is provided
to replace the tail of the input curve by a smooth model curve,
namely by a sum of up to three decaying exponentials. These
can be fitted to the input curve.
Fitting/Coupled Fitting
There are three fitting modes available. The normal mode is
fitting a kinetic model to one TAC with fixed input curve. The
second mode is fitting parameters from the input curve, such as
the time delay and/or the exponentials, simultaneously with the
kinetic parameters (19). It is noteworthy that in this case the
input curve model is not matched to the measured input curve.
Rather, its shape together with the kinetic parameters deter
mines the calculated model curve. The criterion is that the latter
must match the TAC in question. The third mode supports
simultaneous fitting of several regional TACs from one study
(19â€”22).This has advantages if at least one of the parameters
can be assumed to be equal in all the regional models (common
parameter) or if parameters of the input curve should be
estimated. Each local model curve is compared with its cone
sponding TAC, and the total X2 difference is the cost function.
During the search, all parameters are simultaneously adjusted
with only one copy per common parameter. For any optimiza
tion, either the Powell or the Marquardt method can be used.
The latter has the advantage ofproducing formal standard errors
for all fitted parameters.

Monte Carlo Simulation
In order to probe the identifiability of parameters and to
calculate parameter standard errors, Monte Carlo runs can be set
up. Noise of different distributions can be added to the TAC
(measured or synthetic), to the input curve, to the initial
parameters or to any combination thereof. The result can be
analyzed in an interactive tool (not shown).
Synthetic TAC Generation
For any configuration of the kinetic (and input curve) model,
a synthetic TAC can be calculated according to a prescribed
acquisition protocol. Also delivered are the time courses of
tracer concentration in the different compartments.
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Batch Processing
Data from entire series of studies can be automatically
processed and the estimated parameters forwarded into statis
tical analysis tools. This feature facilitates the comparison of
different models and allows implementing model bootstrapping
strategies that progress step-wise from simple to more complex
models (23).
Results Documentation
A report page can be created in Postscript that contains both
the graphics and all the model data, such as configuration and
parameter estimates.
The functionality of KMZ has been developed and stream
lined during the data analysis of several studies. Two dealt with
the theoretical investigation of the effect of intravascular ligand
binding on parameter estimates (19,24), two with experimental
data from benzodiazepine receptor studies with iomazenil
(22,25) and one with the heart perfusion tracer S2mMn (26).
Furthermore, KMZ is used on a routine basis to calculate the
cardiac perfusion reserve from dynamic PET studies with
â€˜3N-ammonia. In these applications, KMZ has demonstrated
ease of handling even by occasional users and high robustness
of parameter estimation. These are features that may lay the
foundation for a consolidation of kinetic modeling in clinical
settings for well-defined applications.
Due to the implementation strategy, portability of the soft
ware is high. Currently it is running on a Hewlett-Packard
HP-UX and a Sun Solaris, but any X-client may be attached.
With the coming World Wide Web extensions of PV-WAVE,
however, KMZ might be accessible by any Java-enabled
browser over the Internet.
CONCLUSION
An interactive kinetic modeling software environment, KMZ
has been implemented which includes simulation and analysis
capabilities. Its main features are easy model configuration and
evaluation, support for input curve parameters, simultaneous
fitting of several regional time-activity curves with coupled
parameters and Monte Carlo simulations. KMZ has proven
highly suitable for evaluating data from different types of
studies, and the intuitive user interface has enabled medical
doctors to successfully perform routine evaluations after a short
training session.
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