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Over the last 50 years, complex, dynamic, compartmental models have been used to describe and to make predictions on a

host of pharmacokinetic, metabolic, and biological systems. Sophisticated modeling software is required to fit data to such

models and to make predictions using these compartmental models. WinSAAM is one such modeling program. The purpose

the current report is to describe the features of WinSAAM that make this program suited for modeling all manner of biological

systems. We highlight new features, especially those that are unique to WinSAAM, and illustrate with examples how

WinSAAM is used to construct models of metabolic systems, to simulate the effects of experiments on systems, and to fit

models to data.
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OVER THE LAST 50 years, complex, dynamic, compart-
mental models have been used to describe and make

predictions on a large number of pharmacokinetic, metabolic,
and biological systems. In particular, 2-pool compartmental
models have been used to describe the linear kinetics of the
disposition and metabolism of many pharmaceutical drugs.1

Many biological systems can be described by compartmental
analysis with nonlinear rate constants describing specific inter-
compartmental flows of material. For example, Bergman et al2

developed a sophisticated nonlinear “minimal model” to de-
scribe how glucose and insulin interact with each other.

Making a prediction using these compartmental models ne-
cessitates solving a set of linear and/or nonlinear differential
equations. This involves some fairly specialized algebra. For
compartmental systems involving more than 3 compartments,
the only practical approach involves the use of computers.
Thus, there is a clear need for software to fit models to exper-
imental data. In general, essential features of good modeling
software should include capability to (1) simulate systems, (2)
fit models to data, (3) provide measures of uncertainty of
parameter estimates, and (4) to be user-friendly. WinSAAM is
a modeling program with all of these features. It is a direct
descendent of SAAM and CONSAM. The original SAAM
(Simulation, Analysis, and Modeling) software, was first de-
veloped over 40 years ago, at the Laboratory of Experimental
and Computational Biology, National Institutes of Health,
Washington by Berman and Weiss.3 Over the years, Boston and
coworkers at the National Institutes of Health gradually devel-
oped SAAM into CONSAM,4 SAAMII,5 and lastly Win-
SAAM.6

There are many commercial programs available that are
suited to compartmental modeling. However, it is not the
intention of this report to review all of these modeling pro-
grams, or to compare their relative strengths and weaknesses.
Indeed several publications have already compared available
dynamic modeling software.6,7

A description of the theoretical aspects of WinSAAM, its
novel modeling features, or examples of its use modeling
biological systems, has not been previously published. This
contribution is a survey of the general structure and features of
WinSAAM that make it well suited for modeling biological
systems. The information presented highlights new features
unique to WinSAAM, and illustrates by example, WinSAAM
modeling of metabolic systems, simulation of experiments on
systems, and fitting models to data.

WinSAAM STRUCTURE AND LANGUAGE

There are 9 main parts or zones to WinSAAM. These include
the terminal window (see Figs 2, 5, and 9), the text editor (see
Fig 7), the charting system or plot window (see Fig 10), the
spreadsheet manager, the project manager, the logger, the batch
window, and the help system. The terminal window is the main
interface between the user and WinSAAM. It is in the terminal
window that the user types commands, uses pull down com-
mands, or points and clicks on various icons so as to gain
access to the different WinSAAM parts or zones. For example,
the user may wish to move to the text editor, the spreadsheet,
the charting window, or the help system.

The text editor is the main route by which the user modifies
an input file that is used by the processing portion of the
program. The text editor accepts and automatically manages
data and parameters by means of a tab-delimited clipboard
input and or tab-delimited file input.

The batch output window collects all output from the SAAM
command into a single window. The WinSAAM log file en-
ables collection of all user interactions with WinSAAM during
a modeling session. Log files can be viewed, saved, appended,
and overwritten.

The output spreadsheet tabulates the input data, model pre-
dictions, best-fit estimates of model parameters and their frac-
tional standard deviations, the covariance matrix, and many
data- and model-related calculations. The spreadsheet enables
copying of results to the clipboard and the exchange of results
with other statistical software, and the contents of the spread-
sheet can be readily saved in EXCEL format.

The charting or plot window in WinSAAM provides the user
with complete flexibility with regard to graphing data and
model predictions. This system allows zooming of graphs,
rescaling, logarithmic and linear displaying of either axis, line
style, and plot point style assignment. Plots can be saved as
files in EMF, WMF, JPG, or BMP formats or copied to the
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clipboard and pasted into other programs (see Figs 1, 3, 6, and
8).

The WinSAAM Help system comprehensively describes the
commands and conventions for using WinSAAM. It provides
explanations on how to operate the software efficiently and it
has sections to describe the structure and use of WinSAAM,
modeling blocks, operational units, commands, demonstration
models, a tutorial section, and a listing of frequently asked
questions and their answers.

An important feature of WinSAAM that contrasts it with
many other modeling systems is the modeless operation system
in WinSAAM. This means that in terms of the activities sup-
ported by each WinSAAM window, the user has the flexibility
to drive the sequence of a particular modeling investigation.

WinSAAM has more than 50 specific commands that invoke
many different operations or procedures. The entire command
system is very flexible in that a novice user may know and use
perhaps only half a dozen commands, yet still be able to model
complex systems. In contrast, a more experienced user may use
a wider range of commands and be able to perform, for exam-
ple, sophisticated postmodeling analyses.

WinSAAM retains the SAAM and CONSAM conventions
regarding the nomenclature of operational units and parameters
and the strict requirement that parameter names, initial esti-
mates, and their boundary limits and data must all be entered
into specific fields within the editor window. This requirement
that parameter names and data all be entered in their specific
fields constitutes what could be called the syntax of the “Win-
SAAM language.” This WinSAAM syntax and the WinSAAM
nomenclature describing modeling constructs together consti-
tute the WinSAAM language. Using this WinSAAM language,
a WinSAAM user can describe a complex model in a succinct
and unambiguous fashion. Indeed, in a comparison of different
software programs, the input scheme (files) required for Win-
SAAM were demonstrated to be simpler than those required for
ACSL, MLAB, and Scientist.6 Whereas the requirement for
specific field entry was a source of user frustration in previous
versions of SAAM and CONSAAM, the new WinSAAM text
editor with appropriate tab delimited entry, greatly facilitates
the writing of WinSAAM model schemes. In addition, a “help
bar” located at the bottom of the editor window identifies the
line number (of the input file) and the column number in which
the cursor sits and the WinSAAM construct that can be entered
in that specific field (see Fig 7).

WinSAAM COMPUTATIONS

In the routine application of WinSAAM to fit kinetic models
to data, the WinSAAM user negotiates three processing steps:
(1) model compilation, (2) model solution, and (3) model
fitting. In the model compilation stage, the lexical structures are
converted to appropriate equation and object form in prepara-
tion for their solution. In conjunction with this, extensive code
analysis by WinSAAM will confirm that the specification of
model and data are in good shape to advance the analysis. In the
model solution step, the dependency equations are solved, then
the state equations are solved, the linear system parameters are
estimated, and, finally, the steady-state solutions (if needed) are
found. In this step the automatic selection and tuning of the
numerical integrator greatly reduces the need for the user to be

skilled with numerical methods. WinSAAM supports seven
highly refined numerical integrators, and will automatically
select among three of these, the integrator that will result in the
fastest and most accurate solution. Specifically, we automati-
cally select amongst the following integrators: (a) Newton-
Raphson (for explicit linear systems), (b) Chu Berman8 (for
implicit linear systems), and (c) a nonlinear variant of the Chu
Berman integrator (for nonlinear systems). The other integra-
tors can be manually selected for specific extreme situations or
for corroborative purposes.

The linear or scale parameters K(j) (which will be discussed
later), are given by:

QO(j) � K(j) � QC(j, �) (1)

where QO(j) represents the observed data in compartment j and
QC(j,�) are the calculated parameters [eg, � represents the
WinSAAM parameters P(j), L(i,j), DT(j), UF(j) upon which a
solution is conditioned]. In WinSAAM, the K(j) are estimated
using generalized or weighted least squares invoked in con-
junction with the SOLVE command:

K̂ (J) � [QC� � W � QC]�1 �QC� � W � QO� (2)

where (J) is the estimate of K(j). Equation 2 is written in matrix
notation and the first part of the equation refers to an inverse
matrix. The first term in this matrix refers is the transpose of
QC, where QC denotes the solution to the state equations, the
prime (�) denotes transpose, and W is the diagonal weight
matrix. In the second matrix, QO denotes the observed values.

The nonlinear parameters are estimated using a variant of the
Generalized Least Squares version of the Gauss Newton opti-
mizer9 that is invoked by using the ITER command. The
processing steps associated with this are as follows. First, crude
adjustments, ��, to the nonlinear parameters, �, are found
using:

�� � ��QC�

��
� W �

�QC

�� ��1 ��QC�

��
� W � �Q� (3)

where K is the transpose of the partial derivative vector of QC
with respect to �, and �QC�/�� is the difference between
observed and predicted values. Next, refinements, or improve-
ments, to these raw adjustments are found by regressing the ��
on the data, viz:

C � [QO� � W � QO]�1 [QO� � W � ��] (4)

where C is a factor applied to the crude adjustments to increase
their utility. During this parameter estimation/iteration process,
WinSAAM uses the specified upper and lower limits for pa-
rameters to appropriately confine the estimation of the param-
eters. To avoid instabilities in the data-fitting step, where nec-
essary and appropriate, generalized matrix inversion is used,
and this means that even when colinearity in the covariance
matrix exists, the matrix inversion operation will not cause the
program to fail. The fact that the estimation of linear system
parameters is uncoupled from the nonlinear estimation step
eases the process of nonlinear estimation substantially. Any
other parameters including those that may have a linear context,
eg, P(j), are also estimated iteractively using equations 3 and 4
above.

An alternative to the ITER command is the FIT command.
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The FIT command uses a Nelder-Mead gradient-free optimi-
zation scheme to arrive at a best fit of model parameters.10 The
Nelder-Mead optimizer is not as susceptible as the 2-stage
gradient optimizer to the starting estimates of parameters and it
is more global in its search for a minimum. Thus, the FIT
command may be useful to begin the fitting process or alter-
natively, once a “best fit” has been obtained by using the ITER
command, the FIT command can be used to confirm that the fit
has indeed converged on a global minimum. Thus, the variety
of optimization procedures imbedded within WinSAAM make
it fully concordant with the recommendations of Seber and
Wild9 regarding estimation tools appropriate for nonlinear
modeling.

WinSAAM USES

WinSAAM is ideally suited to describing the kinetics of
compartmental systems. A compartment is considered to con-
tain material that is homogeneous or kinetically indistinguish-
able from other material in the compartment. In many cases the
flow of material out of a compartment is proportional to the
amount of material in the compartment, and this is known as
first order kinetics. In WinSAAM notation, this is written as:

dF(1,t)

dt
� �L(0,1) � F(1) (5)

where F(1,t) [which is often written as F(1)], is the material in
compartment 1 at time t, and L(0,1) is the fractional rate
constant describing the flow of material from compartment 1 to
the outside. In WinSAAM, L(i,j) is by default a first-order rate
constant that describes the fraction of material in compartment
j that moves into compartment i in unit time. Therefore, the
existence of a particular L(i,j) in a WinSAAM input file serves
the dual purpose of defining the existence of compartments i
and j and also asserting that there is movement of material into
compartment i from compartment j.

In addtion to fractional rate constants, WinSAAM also has
an extensive array of other modeling constructs that facilitate
the modeling process. These modeling constructs include initial
conditions of compartments IC(j), compartment response F(j,
t), user specified parameters P(j), scaling factors K(j), delay
parameters DT(j), mass of compartments M(j) and steady-state
input rates U(j), operational units (QO(j), QL(j), and QF(j)),
forcing functions FF(j), time interrupt data elements TC(n),
statistical weighting of data, and a facility to allow for function
dependency. For mnemonic purposes, the nomenclature of
WinSAAM constructs is somewhat acronymic. For example,
“T” for time, “D” for delay, “M” for mass, “Q” for quantity,
and “O” for observed. A number of these constructs will be
discussed later and we provide some examples of their use.
Furthermore, a complete description of all of the WinSAAM
constructs can be found in the WinSAAM help section and in
the book by Wastney et al.6

In general, the indices “i” or “j” associate a model construct
or parameter with compartments “i” or “j.” For example, F(1)
describes the amount of material in question in compartment 1
at time “t”. However, there is one exception to this convention.
The general purpose parameter P(j), which is used ubiquitously
in WinSAAM modeling schemes, is not associated with any
specific compartment, and its model significance is assigned by

the user. P(j) can be fixed in value, dependent upon another
parameter, or adjustable, and it can be used in either a linear or
nonlinear context. The delay construct DT(j) is a particularly
powerful feature since it is adjustable and estimable and hence
enables determination of lags or transit times (eg, a delay
associated with gastric emptying, absorption, or intestinal tran-
sit) that may occur in some systems. Indeed, in one comparison
of a number of modeling programs, only WinSAAM was found
to adequately fit a model to data that involved a delay.6

In living entities, sometimes the kinetics of the metabolism
of naturally occurring chemicals and of administered drugs
may be described not by first-order kinetics, but may be de-
scribed by a wide range of processes that have mathematical
forms, which include: zeroeth order, second order, multi-reac-
tant, Michaelis-Menten, inhibited elimination, bi-substrate
“ping-pong” inhibition, simple inhibition, and allosteric bind-
ing. The functional dependency feature of WinSAAM is very
useful since it can be used to modify or convert a L(i,j) into a
nonlinear rate constant, which can model any of the nonlinear
processes listed above.

SIMULATION OF BIOLOGICAL SYSTEMS AND
EXPERIMENTAL PROTOCOLS

Some experimental protocols may involve not a single in-
tervention, but a complex series of injections, infusions, filtra-
tions, and other procedures. The host of model constructs
described above also facilitates the representation of the most
complex experimental protocols.

Simulation of Alcohol Metabolism

In the following example we describe how it is possible to
construct a WinSAAM input scheme to simulate (model) the
nonlinear kinetics of the metabolism of alcohol. In this example
we also demonstrate how WinSAAM modeling constructs can
be used to model a complex experimental protocol in which
alcohol is consumed intermittently in 3 separate drinks. We
assume that a male drinks three 100-mL glasses of wine of 10%
alcohol concentration each over 15 minutes, and each drink is
separated by a 20-minute period during which no wine is
consumed. Figure 1 depicts the schedule of alcohol consump-
tion.

Wagner et al11 have shown that the rate of metabolism of
alcohol can be described by:

dC

dt
�

�Vm � C

(Km � C)
(6)

where C is the blood alcohol concentration (g/L) at time t, Vm

is the maximum catabolism rate (0.18 g/L/h), and Km is the
Michaelis-Menten parameter (0.05 g/L). Figure 2 shows the
WinSAAM input scheme (terminal window) used to simulate
the experimental protocol described above. In contrast to the
terminal window, in the edit widow, the input scheme can be
displayed and edited. Starting in the first position of the first
line of the WinSAAM input file is the heading A SAAM31.
This heading necessarily initiates all WinSAAM input files. A
problem title or description can be optionally entered in col-
umns 31 to 72. The fourth line contains the heading “H PAR”.
This heading tells the WinSAAM program that WinSAAM
constructs or parameters will occur on subsequent lines of the
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input scheme. The lines that are initiated with a “C” in column
1 are called comment lines, and are ignored by WinSAAM.
However, comment lines are useful since they serve to annotate
the input file so that the user can describe what is being
modeled and the meaning of various parameters. In this exam-
ple, we define the parameters P(1) to P(5) in lines 8 to 14 and
in lines 16 to 20 we initialize these parameters as constants. The
model assumes 100% alcohol absorption [P(5)�1, line 20] in a
distribution space of 50 L [P(4)�50 line 19].Using WinSAAM
constructs, equation 6 above can be rewritten as:

L(0,1) * F(1) � P(1) * F(1)/[P(2) � F(1)]

which simplifies to:

L(0,1) � P(1)/[P(2) � F(1)].

In this example, F(1) represents the amount of alcohol in
compartment 1 at time “t”. In WinSAAM, it is very easy to
designate that a particular L(i,j) is not a linear or first-order rate
constant, but is functionally dependent upon other pools or
constituents. One way for the user to do this is shown on line
22 of the input scheme:

22: L(0,1) 1 *G 1

L(0,1) was entered in field 1, followed by “1” in field 2 and
then, the operator “*” followed by “G 1” in field 5. This line of
code indicates that parameter L(0,1) is described by 1 * func-
tion G(1). In this example, line 24 of the input scheme contains
the WinSAAM H DAT heading. This necessary heading in-
forms the WinSAAM program that the following lines of text
will relate to data. Line 26 of the input scheme contains the
functional dependency equation G(1):

26: X G(1)�P(1)/(P(2) � F(1)).

Thus by using the WinSAAM “*” operator and WinSAAM
constructs we are able to convert L(0,1) into a Michaelis-
Menten rate constant. Note that the “X” in the first column of
line 26 [ie, immediately before the G(1) dependency equation]
is not part of the mathematics of the equation. The “X” simply
informs WinSAAM that a time sensitive dependency equation
follows.

In WinSAAM, there are 14 possible operators which include
�, �, *, /, and 6 conditional operators (7, 8, 9, A, B, C). The
use of the “8” operator will be described later and a full
description of the use of all the operators is described by
Wastney et al.6 By using these operators and appropriate op-
erands or dependency equations, there is no limit to the variety
or types of reactions or processes that can be modeled.

In WinSAAM, there is generally more than one way to write
an input file to model a particular system or aspect of the
system. In this alcohol example we are faced with the decision
of how to model a reasonably complex experimental protocol
involving multiple drinks of alcohol being consumed at spec-
ified times. We could use a WinSAAM facility called a TC
interrupt function. This facility allows separation of data asso-
ciated with different phases of an experiment and the resetting
of parameter values to accommodate aspects of the model that
may change in relation to different phases of the experiment.

However, we can also succinctly describe the alcohol intake
pattern described above using the WinSAAM QO function. In
this specific case, QO(2) serves as a simple on/off switching
function for a continuous infusion. However, QO functions are
very versatile since they can also be used to describe for
example any combination of continuous, ramped infusions or
even simple injections, all occurring at specified times.

A primary aim of modeling is to obtain model predictions,
and this is very easy to do with WinSAAM. In this alcohol
example (see Fig 2) we request predictions of the alcohol
consumption rate (experimental protocol), the cumulative alco-
hol delivery and the blood alcohol concentration till 4 hours,
and using the WinSAAM charting system obtain the graphs
shown in Figs 1 and 3. Further discussion on the use of
WinSAAM for modeling alcohol metabolism can be found in
Wastney et al.6

FITTING MODELS TO DATA

A 2-compartment model with transfer between a central and
peripheral compartment and elimination from the central com-
partment is often used to describe the kinetics of the distribu-
tion of administered pharmaceutical drugs.1 Usually a drug
may be given either as a bolus dose, or by a constant infusion,
or even by a “priming” dose followed by a constant infusion.
Figure 4 presents the conventional way for depicting an open
2-compartment model. Such diagrammatic representations of
systems greatly assist the user to implement models within
WinSAAM. The 2-pool model is used so often that its under-
lying mathematics may sometimes be taken for granted and
there is ample evidence in the pharmacokinetic literature that
many researchers have applied inappropriate assumptions to
the 2-pool model and obtained erroneous estimates of model
parameters. Let us consider the experimental protocol where a
priming dose (1,000 �g/kg) of drug X was administered to a

Fig 1. Experimental protocol for consumption of alcohol.
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subject and then the drug was infused into the subject for 15
minutes at a constant rate (300 �g/min). In this particular
experiment, the researcher took blood samples at 5, 10, 15, 18,
21, 24, 27, 30, and 35 minutes following the initial injection of
drug. The protocol for this experiment is easily entered into a
WinSAAM input scheme (see Fig 5). In this case, the injection
is simulated by means of the initial condition construct IC, and,
as in the alcohol example shown above, the infusion is simu-
lated by means of the QO construct.

WinSAAM input schemes describing tracer kinetics or drug
metabolism generally include a scaling constant K(1). This
scaling factor takes into account the fact that data are usually
expressed in terms of concentrations, but in WinSAAM, it is
usually the total amount of substance (tracee) or drug within a
compartment that is modeled. K(1) is inversely related to the
volume of distribution of the primary or central compartment
(Vd1) into which the tracer or drug was administered. In ex-
periments involving simply an injection of tracer or drug, this
K(1) is the time zero y intercept. In this particular protocol,
blood samples were not collected until 5 minutes after injection
of the drug and without making any assumptions, it is difficult
to estimate K(1) directly from the data. However, in this
protocol, drug was infused at a constant rate and appears to
have reached a steady-state concentration by 15 minutes. At
steady-state, the flow of drug into the patient is equal to the

Fig 2. WinSAAM input

scheme (shown in the terminal

window) for Wagner’s alcohol

model.

Fig 3. Cumulative delivery of alcohol (g/L) (—) and the model

predicted blood alcohol concentration (g/L) (- - -).
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flow of drug out of the patient and this can be expressed as
follows:

P(2) � P(4) * P(8) * L(0,1) (7)

where P(2) is the steady-state infusion rate of drug into the
patient (300 �g/min), P(4) is the volume of distribution of the
central compartment, P(8) is the steady-state concentration of
drug in the central compartment and L(0,1) is the fractional
elimination rate of drug from the central compartment. By
rearranging equation 7 and using the fact that K(1) is inversely
related to the volume of the central compartment, we have:

K(1) � P(8) * L(0,1)/P(2).

Thus, if we make the assumption that the steady-state plasma
concentration of drug had indeed been reached by 15 minutes,
we can include the above equation in the WinSAAM input
scheme (see Fig 5, line 18) and this serves as a constraint on the
magnitude of the L(0,1) parameter and it helps the fitting
algorithm converge on a feasible solution. We can then use the
drug concentration at 15 minutes as an initial estimate of the
steady-state concentration of drug P(8). This is shown in Fig 5,
on line 24 of the input scheme:

24: P(8) 4.127505E�03 0.0E�00 5.000E�03

On line 24 of the input scheme, the parameter name, P(8), is
entered in the first field followed by the initial estimate or value
of P(8) in the second field, the lower limit of the value of P(8)
is entered in the third field, the upper limit is entered in the
fourth field. Similarly, for L(0,1), L(2,1), and L(1,2) on lines
25, 26, and 27, respectively, we enter the initial estimate of
each parameter, its lower limit and upper limit in the appropri-
ate fields.

The data relating to the concentration of drug in plasma
(compartment 1) are entered in the input scheme under the H
DAT heading. In this case, the concentrations of drug in plasma
range over several orders of magnitude. To ensure that the
model fitting algorithm will produce a “best fit” that can in a

relative sense, equally well predict both high and low plasma
concentrations of drug, we weight the data in terms of the
fractional standard deviation (FSD) of each datum. However,
with WinSAAM, if it is appropriate to the data being modeled,
we may alternatively choose a weighting scheme based on
either the standard deviation (SD), the square root of the
standard deviation (RQO) or a constant weight (WT).

Once the WinSAAM input scheme to describe this model
has been constructed, the WinSAAM modeler need only invoke
the following simple sequence of commands to obtain the
best-fit estimates of model parameters. First, the modeler must
type into the terminal window (or use the pull down command
menu) the command: “DECK”. This command checks for
syntactical errors in the input file and compiles the input file in
a form suitable for processing by the WinSAAM fitting algo-
rithm. The next essential command is “SOLV”. As described
earlier, this command uses initial estimates of parameter values
to calculate “predicted” values of the function being modeled.
This command also produces an objective function that is in
fact the sum of the squares of the differences between the actual
data observations and the current model predictions. When, as
in this case, it is the intention of the modeler to obtain best
estimates of model parameter values so that the model will
describe the variation in the plasma drug concentration over
time, we use the ITER command. As described earlier, this
command invokes a variant of the Gauss-Newton algorithm
that seeks to minimize the objective function. Fitting the model
to data may require several invocations of the ITER command.
Output following each command includes the sum of squares of
the objective function(s), the percent reduction in the sum of
squares, adjustment details of the parameters whose values are
most altered during the iteration. A final best-fit combination of
model parameters has been achieved when WinSAAM re-
sponds that it is not possible to further improve the fit. The best
estimates of the model parameters and their fractional standard
deviations are then obtained by typing the command FSD(i),
and a graph of the data and model predictions can be obtained
by invoking the “PLOT” command.

In this particular patient, the model parameters were all well
identified (as judged by low fractional standard deviations for
each parameter) and the model predictions closely coincide
with the observed data (Fig 6). However, in some subjects,
there may be a precipitous decline in plasma drug concentra-
tions immediately after cessation of the drug infusion, and this
may present some difficulties for accurately estimating model
parameters, especially if there are few samples during this
period. In some experimental protocols, there may be few
samples taken during the constant infusion period and some
pharmacokineticists ignore the data obtained during the initial
infusion period and instead focus on analyzing the data ob-
tained after cessation of the infusion of the drug. Unfortunately,
many make the mistake of assuming that at the instant that drug
infusion ceases, it is only the first compartment that contains
drug and they analyze the data as if it resulted from an injection
into the primary compartment made at the time of cessation of
drug infusion. If we assume that the drug was infused for a
sufficient period so that steady state conditions had been
reached by the time the drug infusion was stopped, then we can
indeed focus our investigation on the disappearance of drug
following cessation of the drug infusion, provided we impose

Fig 4. Diagrammatic representation of a 2-compartment model.

L(2,1) represents the fractional rate constant describing movement

of drug from the site of injection to another body compartment,

while L(1,2) is the fractional rate constant representing the reverse

movement. L(0,1) represents the fractional rate constant describing

elimination of the drug. The star and double arrow represent the

injection and infusion while the triangle represents a sampling site.
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constraints on the model that correctly reflect the amounts of
drug present in both the central and peripheral compartments at
the instant the drug infusion was stopped.

The WinSAAM input scheme (editor window) for this anal-
ysis is shown in Fig 7. Note that the input scheme is in many
ways similar to that shown in Fig 5. However, in this case,
since we are modeling the system from the instant the infusion
is stopped, we must specify the initial conditions of both
compartments. For compartment 1 (the central compartment),
we can assume that the initial concentration is equal to the
steady state concentration P(8), and that the concentration of
the drug at 15 minutes is a good initial estimate of this param-
eter. However, the observed drug concentration at 15 minutes is
a datum and like all the other data has a degree of uncertainty
or error associated with it. In recognition of this we can again

Fig 5. WinSAAM input

scheme (shown in the terminal

window) to describe drug dispo-

sition from a 2-compartment

model.

Fig 6. Modeling the disposition of drug following an injection and

a 15-minute infusion. The triangles are observed data and the solid

line is predicted by the 2-compartment model. The model parame-

ters and their (fractional standard deviations) are as follows: P(8)

4.128E�03 (2.804E�02); L(0,1) 6.478E�01 (4.716E�02); L(2,1)

6.550E�02 (9.498E�02; L(1,2) 9.386E�02 (8.038E�02).
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make P(8) an adjustable parameter (by inserting upper and
lower limit boundaries), but this time we assign it a reasonable
standard deviation. This is shown in Fig 7 where on the same
line where we entered P(8), we have also entered in field 7 an
estimate of the standard deviation (in this case 50). We can then
specify the amounts of drug present in the central IC(1) and
peripheral IC(2) compartments at the instant the infusion was
stopped as:

IC(1) � P(8) * P(4)

IC(2) � P(8) * P(4) * L(2,1)/L(1,2) (8)

Using this analysis we obtain estimates of model parameters
(see Fig 8) that are not statistically different from those ob-

tained in the earlier analysis. However, the first approach
generally produced lower estimated fractional standard devia-
tions of the parameters. Thus, in this example, the first ap-
proach is to be preferred because it estimates model parameters
by making use of all of the available data. However, if for
example data were only available from time 15 minutes on-
wards, and if it were known a priori that a constant infusion of
this drug would result in a steady-state concentration of drug in
less than 15 minutes, then we could use the second approach.
Thus, the second example demonstrates that with WinSAAM,
we can easily make use of a priori or theoretical knowledge
about the system, impose such information as constraints upon
the parameters being estimated, and thereby obtain good esti-
mates of those parameters.

Fig 7. A WinSAAM input

scheme (shown in the editor

window) to model drug disap-

pearance following cessation of

infused drug. Note, the “help

bar” identifies the line number

(of the input file), the column

number in which the cursor sits

and the WinSAAM construct

that can be entered in that spe-

cific field.
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Modeling Glucose and Insulin Kinetics

Diabetes, a disease that can cause blindness, kidney failure,
neuropathy and heart disease currently affects over 16 million
people in the United States.12 It is primarily caused by a
malfunction of the mechanisms that control the metabolism of
glucose. The metabolism of glucose is controlled by circulating
plasma glucose per se and by insulin that is secreted from the
pancreas in response to elevated levels of plasma glucose. In
order to be able to describe mathematically how glucose and
insulin together control the production and disposal of glucose
in the body, Bergman et al2 developed the now famous 1-com-
partment minimal model. With the prevalence of diabetes now
reaching epidemic proportions, it is not surprising that interest
in the minimal model continues to grow with more than 50
reports being published each year on issues related to the
minimal model.12 The parameters of the minimal model are
determined using data from a standard in vivo glucose toler-
ance test (IVGTT). In the IVGTT a patient is intravenously
administered a bolus of glucose (300 mg/kg) followed 20
minutes later by an intravenous infusion of insulin (20 mU/kg),
and frequent blood samples are collected over the 3 hours
following the glucose injection. The Bergman minimal model
is described by 2 equations:

dG(t)

dt
� �SG[G(t) � Gb] � x(t) � G(t) G(0) � G0 (9)

dx(t)

dt
� �p2{x(t) � SI[I(t) � Ib]} x(0) � 0 (10)

where G(t) and I(t) are glucose and insulin concentrations in
plasma respectively and Gb and Ib are the basal concentrations
of glucose and insulin in plasma respectively. G0 is the model-
predicted value of the glucose concentration at time zero, while
x(t) is insulin action and p2, is a parameters to describe the
removal rate of insulin from interstitial fluid. SI or insulin
sensitivity (the capacity of insulin to promote glucose disposal)
and SG or glucose effectiveness (the capacity of glucose to
mediate its own disposal) are parameters to describe the net

removal rate. For a discussion on the use of WinSAAM for
fitting the minimal model to data and a WinSAAM input file to
accomplish this, the reader is referred to chapter 15 of the book
Investigating Biological Systems Using Modeling.6

A variation of the IVGTT is the tracer-labeled intravenous
glucose tolerance test (HIVGTT) in which the subject is in-
jected simultaneously with both nonlabeled glucose (300 mg/
kg) and a glucose tracer (g0; a “hot” radioactive or stable
isotope). The purpose of the HIVGTT is to attempt to quantify
the dual effects of insulin, ie, promotion of the disposal of
glucose from the blood and a reduction in the rate of de novo
synthesis of glucose. In the hot minimal model, developed by
Cobelli et al,13 the differential equation describing the disap-
pearance of labeled “hot” glucose (g) is similar to equation 9
except that the term involving the nonlabeled basal glucose is
omitted:

dg(t)

dt
� �[SG

g � xg(t)] � g(t) g(0) � g0 (11)

dxg

dt
� � pg {xg(t) � SI

g[I(t) � Ib]} xg(0) � 0 (12)

where the superscript “g” refers to parameters associated with
labeled glucose. In contrast to the “cold” minimal model where
SG and SI are indices of the net removal rate of glucose, in the
“hot” minimal model, SG

g and SI
g are indices that measure

respectively the effect of glucose and insulin on only the
disposal rate of glucose while pg has similar meaning to P2 in
the cold minimal model. Despite initial promising findings with
the “hot” minimal model, when deconvolution procedures were
employed to estimate endogenous glucose production by using
parameters from the hot minimal model and data from the cold
IVGTT, unphysiological patterns were obtained. This probably
occurred due to a failure of the monocompartmental model to
adequately represent the kinetics of the early mixing of glucose in
the extracellular fluid and other tissue spaces.14 A 2-compartment
model has recently been shown to overcome this problem and it
can produce plausible estimates for endogenous glucose produc-
tion.14,15 The equations for the 2-pool model are as follows:

dg1�t�

dt
� �[kp �

F01

V1 � G1�t�
� k21] � g1�t� � k12 � g2�t�

g1�0� � g0
(13)

dg2�t�

dt
� k21 � g1�t��[k02 � x�t� � k12] � g2�t�

g2�0� � 0
(14)

dx�t�

dt
� �p2 � 	x�t� � Sk�I�t� � Ib�
x�0� � 0

g�t� �
g1

�t�

V1

(15)

where g1 and g2 denote labeled glucose in the first (accessible
pool which corresponds to extracellular fluid) and the second
(slowly equilibrating or exchangeable) compartments, respec-

Fig 8. Modeling the disposition of drug following an injection and

a 15-minute infusion. The triangles are observed data and the solid

line is predicted from the 2-compartment model. The model param-

eters and their (fractional standard deviations) are as follows: P(8)

3.995E�03 (1.251E�02); L(0,1) 6.544E�01 (4.252E�02); L(2,1)

5.273E�02 (1.202E�01); L(1,2) 9.112E�02 (8.358E�02).
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tively; G1 is cold glucose in the accessible pool; x(t) is the
insulin action; I(t) and Ib are plasma insulin and plasma basal
insulin; V1 is the volume of the accessible pool; F01 is the
constant component of glucose disposal; kp, k12, k21, and k02

are first-order rate constants describing glucose kinetics; and p2
and SK are parameters describing insulin action.

The Bergman 1-compartment minimal model actually in-
volves 2 compartments, (plasma “cold” glucose and plasma
insulin), whereas the 2-pool hot glucose model actually in-
volves 3 compartments (accessible “hot” glucose, slowly equil-
ibrating “hot” glucose and “remote” insulin). Despite the small
number of compartments, these models are all relatively com-
plex in that they have many parameters and are nonlinear in
nature. However, all of these models can be readily imple-
mented in WinSAAM. Indeed, WinSAAM has a number of
features, which greatly facilitate the modeling of these systems.

In many cases we may wish to impose constraints on param-
eter values or relationships between parameters. Indeed, in
order to guarantee parameter identifiability and ensure their
model was physiologically sound, Caumo and Cobelli14 con-
strained the basal steady-state insulin-dependent glucose dis-
posal to be 3 times insulin-dependent glucose disposal. Using
WinSAAM, it is easy to include such contraints in a model and
this particular constraint is shown in Fig 9, line 68.

In the alcohol and drug models described earlier, we used the
WinSAAM L(i,j) construct to implicitly define the differential
equations describing the movement of tracer or drug between
compartments. However, in some circumstances a modeler
may wish to define a system explicitly by means of differential

equations, and this can be carried out quite easily using the
WinSAAM UF(j) construct. UF(j) defines a component of the
rate of input into compartment j. UF(j) allows the user to define
highly complex system inputs. For example, equation 13 above
can be directly translated into WinSAAM constructs as fol-
lows:

UF(1) � �[P(4) � P(1)

� P(3)/P(7)*FF(4))] * F(1) � P(2) * F(2) (16)

where UF(1) equates to dg1(t)/dt, F(1), F(2), and FF(4) are
functions representing g1(t), g2(t), and G1(t), respectively, and
P(1), P(2), P(3), P(4), and P(7) correspond to the appropriate
constants in equation 13.

In equations 13 and 15 above, Caumo and Cobelli14 used
both G1(t) (the cold plasma glucose) and I(t) (the plasma
insulin) as functions in time, to drive the hot glucose model.
However, in the HIVGTT, plasma samples are only taken at
discrete points in time and for the hot 2-pool model to work, a
way must be found to turn these discrete measurements into
continuous functions. This is easily achieved in WinSAAM by
using the QL operation. In WinSAAM, all data are entered into
the WinSAAM input scheme under a H DAT heading (see Fig
9). Under the H DAT heading, a number in column 2 and 3
defines the component number to which the subsequent data
belong. In this example, cold glucose data are associated with,
or rather defined as belonging to compartment 4. When QL is
entered into column 5 and 6 on the same row as the compart-
ment number, this invokes the QL operation. The QL operation

Fig 9. Part of the WinSAAM

input scheme (shown in the ter-

minal window) for modeling the

2-pool “hot” glucose model.
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produces a forcing function FF(j,t) that is based on a linear
interpolation of the data associated with component J. Thus in
equation 16 above (see also Fig 9), FF(4) represents a contin-
uous function describing cold plasma glucose. Equation 15
above also implies that the movement of insulin from plasma to
the remote site (where insulin has its action) occurs (only) if
plasma insulin is greater than the basal concentration of insulin
in plasma. Basal insulin is taken as the plasma insulin concen-
tration immediately before the start of the IVGTT. Therefore,
when modeling remote insulin, there is a requirement that the
term [I(t) � Ib)] can only take non-negative values. This can be
implemented in WinSAAM by using the functional depen-
dency feature of WinSAAM and the “8” operator. This is
shown on line 77 of the input scheme (see Fig 9):

77: UF(3)�P(8) 8G8

In this case UF(3) equates to dx(t)/dt, P(8) is a constant, G 8
equates to [I(t) � Ib], and the “8” immediately before the G 8
is the conditional operator. This operator acts as a switch which
has the following effect: if G 8 is greater than zero then
UF(3) � P(8) * G(8) else 0. This type of conditional switch is
particularly useful for modeling systems where a particular
reaction or rate constant may be switched on only when a drug
or metabolite reaches a critical threshold value. An example of
a WinSAAM prediction of “hot” plasma glucose, based on the
“hot” 2-pool model, is shown in Fig 10.

Project Management

A new and perhaps one of the most advanced features of
WinSAAM is its project management feature. This feature
enables the user to obtain population estimates of kinetic pa-
rameters. This type of analysis is becoming important in phar-

makockinetics since it is increasingly recognized that the me-
tabolism of drugs may be very different in various target
populations. Typically, an experimenter may have 2 groups of
individuals; a control group and a second group of individuals
upon which he has imposed some experimental treatment. The
experimenter may then do a tracer or metabolic study on
individuals in each group with the intention of determining if
treatment influences the kinetic parameters. The project facility
in WinSAAM is especially suited to the analysis of data from
a group of subjects in identically replicated experiments and in
which a compartmental model of fixed topology is used to
analyze data from individual subjects within the group. Win-
SAAM’s forte is in data-rich (meaning each subject’s model is
identified), as opposed to data-sparse situations.

The “project” facility allows 2 options. In the first option, the
user may simply by pointing and clicking, select a series of the
individual WinSAAM input files of all of the subjects in a
particular group and then run these files in WinSAAM. This
results in a spreadsheet output file that contains all of the
individually fitted parameter values for each subject as well as
the fractional standard deviations for each parameter. This
facility allows results to be quickly scanned to help identify
errors in data and individuals who are “outliers” and who may
not necessarily fit within a particular population.

In the past, when making population estimates of model
parameters, most researchers either simply averaged parameter
estimates from individual studies or fitted a model to aggregate
data. These approaches fail to recognize that some individuals
may not necessarily fit within a given population. Furthermore,
in many situations these approaches may lead to spurious
estimates since individual studies are likely to produce differ-
ingly precise estimates of model parameters and because within

Fig 10. Prediction of concen-

trations of “hot” plasma glucose

(shown in the charting window)

using the 2-pool “hot” glucose

model. (Œ) “Hot” glucose (cpm/

mL); (—) predicted line of best

fit; (■ ) “cold” plasma glucose

(mg/dL); (E) plasma insulin

(mU/L).
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an individual study, estimates of model parameters may not be
independent of one another. The WinSAAM population mod-
eler recognizes the deficiencies associated with employing ei-
ther averaging the parameters or fitting a single model to the
aggregate data by: (1) identifying individuals that do not fit
within the population under study, and (2) deflating the contri-
bution of the individuals to the estimation of the population
parameters if they have imprecise or poorly defined parame-
ters.16-18

The project management tool in WinSAAM is distinct
among programs that estimate population kinetic parameters in
that it employs a global 2-stage procedure based on the use of
the maximum likelihood principle that produces unbiased esti-
mates of population parameters.16,18 Recently, the WinSAAM
approach for population parameter estimation was compared
with that incorporated into NONMEM in the context of nor-

epinephrine kinetics and the parameter dispersions from Win-
SAAM were found to be less biased than those derived using
NONMEM.6

To utilize the population option, the WinSAAM user, need
simply select the WinSAAM input files of individuals from a
particular group and, by toggling a selection button, opt for a
population analysis. This results in a spreadsheet output file that
contains nine different worksheets. There are worksheets that
contain (1) the data from each study; (2) the model parameters
and their fractional standard deviations as determined for each
individual study; (3) the covariance matrices of the parameters
in each study; (4) the correlation matrices for the parameters in
each study; (5) the partial derivatives of the solutions with
respect to the parameters in each study; (6) the covariance
matrix of the population parameters; (7) the correlation matrix
of the population parameters; (8) the population comparison

Fig 11. Spreadsheet output

from population analysis of drug

disposition. The population

compare sheet allows compari-

son of model parameters values

from each subject in the popula-

tion. The project parameter

sheet provides the maximum

likelihood unbiased estimates of

population parameter means

and their population standard

deviations.
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worksheet in which the individual study parameters are listed
alongside their corresponding population mean parameters; and
(9) the population parameter worksheet which contains the
unbiased estimates of the population mean and population
fractional standard deviations for each of the model parameters.
Figure 11 shows the population comparison worksheet and the
population parameter worksheet obtained when we conducted a
population analysis of the drug kinetics of 5 individual subjects,
including the subject whose data are shown individually ana-
lyzed in Fig 5.

The results from the WinSAAM project management envi-
ronment can readily be exported to EXCEL or other Windows
compatible spreadsheets for post processing or productivity
presentations.

PRESENT AND FUTURE DIRECTIONS

WinSAAM is not standing still. The WinSAAM develop-
mental team is constantly adding new features to WinSAAM,
to ensure that WinSAAM remains at the cutting edge of mod-
eling technology. The WinSAAM website WWW.WinSAAM.
com has the latest information on WinSAAM, contact details
and an installable version of WinSAAM can be downloaded
from the website.

We are actively pursuing hybrid program development based
on the SAAM kernel. The latest advance is the development of
computer programs dedicated to modeling specific biological/
metabolic systems. An example is MinMod Millenium, a pro-
gram that automatically models data to Bergman’s minimal
model. This particular program is particularly suited to users
with no modeling skills since it is completely automatic. It
utilizes SAAM technology, an expert system to initiate and
guide the modeling procedure and a user-friendly interface. We
foreshadow that this program is but a forerunner of a suite of
similar programs. Another offshoot program that has just been
developed is AKA-Glucose. This program also utilizes SAAM
technology, an expert system and a user-friendly interface. This
program allows either automatic fitting of data to the Bergman
minimal model, or the user can intercede and direct the mod-
eling procedure. The main novel and potentially enormously

useful feature of AKA-Glucose is that it incorporates a data-
base. A researcher can use AKA-Glucose to store individual
demographic data on thousands of subjects, to analyze the
IVGTT on these same subjects, to stratify IVGTT studies on
the basis of demographic and MinMod parameters and carryout
other epidemiological analyses.

CONCLUSIONS

This report is a survey of WinSAAM and how it can be used
for simulation and parameter estimation of linear and nonlinear
compartmental models, with emphasis on new WinSAAM fea-
tures for nonlinear parameter estimation and population kinetic
data analysis. Topics include an overview, WinSAAM struc-
ture and language, WinSAAM computations, WinSAAM uses
including examples on the modeling of alcohol metabolism,
drug metabolism, and glucose/insulin kinetics. In conclusion,
SAAM a product of 1950s was designed to solve the kinetic
problems of the second half of the twentieth century. Win-
SAAM, the son of SAAM, has been designed to solve the
kinetic challenges of the 21st century. The retention in Win-
SAAM of the proven mathematical algorithms of SAAM, the
inclusion in WinSAAM of complete compatibility with Win-
dows technology, the myriad of modeling constructs, the pop-
ulation modeling capability and the other features described
above indicate why WinSAAM is the appropriate tool for these
challenges.
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