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Abstract-Several models of DNA synthesis based on enzyme kinetics are examined, the most inclusive of 
them referring to in vivo simulations. They are open systems based on Michaelis-Menten kinetics for 
enzymes of deoxynucleotide and DNA synthesis, and incorporate complex biochemical feedback controls as 
well as intracellular nucleotide and enzyme concentrations. Both steady state and transient situations have 
been studied. The responses of such systems to single and multiple administration of drugs under steady state 
conditions, and to single and time-sequenced multiple drug administration under transient conditions are 
described and compared to available experimental results. In the process, a quantitative drug index is defined 
to describe the interaction of two or more drugs at steady state conditions. Our simulations demonstrate that 
it may be possible to reverse the type, as well as the intensity, of the interaction between two drugs by 
increasing the concentration of a third drug, and that transient deviations from steady state pool sizes may 
have profound influence on drug action in a manner which cannot be predicted by steady state results. In 
particular, a change in the order oftwo drugs given sequentially may give rise to significant differences in total 
DNA synthesis. Finally, our results indicate a strong sensitivity of the model to small structural or 
quantitative changes. This suggests that variations in enzyme activities observed among different cell lines 
will give rise to differential drug responses which may be simulated properly only by a realistic model, 
utilizina real values for all constants and includina all known pathways. Preliminary results with such a 
model se described. 

In the past several years, knowledge concerning the 
biological synthesis of nucleic acids has grown steadily 
[ 11. The picture emerging is that of a complex and still 
incompletely understood system of reactions tightly 
regulated through a network of feedback and activation 
controls. For such a system, standard explanations 
derived from concepts of sequential, concurrent, and 
complementary inhibition [ 21 are simply not applicable 
in understanding the overall action of inhibitors of 
nucleic acid synthesis 131. 

As a first step toward the development of a theoreti- 
cal framework for the understanding of exactly such 
results, Werkheiser et al. 131 devised a simple mathe- 
matical model which simulated the effect of combina- 
tions of inhibitors of DNA synthesis on cell growth in 
vitro. Recently, we have extended such work by intro- 
ducing several new enzyme kinetic models, all based on 
open systems regulated by a network of feedback con- 
trols, which, together, represent a logical progression 
toward our ultimate goal of analyzing the effects of 
combinations of DNA antimetabolites in vivo. 

In an earlier publication 141, we described the com- 
puter algorithms developed to solve the nonlinear alge- 
braic and differential equations encountered without 
the arbitrary simplitications previously utilized 13, 5, 
61. It is the purpose of this paper to describe the results 
obtained by increasing the complexity of our models to 
include all known DNA metabolic pathways and new 
pharmaco-enzyme interaction data available from var- 
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ious laboratories, and to discuss how these results have 
guided us in our design of a realistic in vivo model. In 
addition, we will document new quantitative techniques 
and concepts acquired in our studies, including multi- 
ple drug interactions and time sequence drug adminis- 
tration, which we believe may be important tools for 
any pharmaco-enzyme kinetic study and for planning 
an effective combination drug cancer chemotherapy. 

DESCRIPTION OF THE MODELS 

We have created several alternative models under the 
common assumption of an open system in which the 
concentrations of nucleotide diphosphates are held con- 
stant (a valid approximation, given that the rate of 
DNA production is small relative to the other diphos- 
phate reaction rates) and in which the DNA polymer 
product serves as an absolute sink. All enzymes includ- 
ing DNA polymerase are assumed to operate according 
to simple Michaelis-Menten rate equations and, where 
included, inhibitory and activating feedback controls 
arising from various intermediate concentrations are 
approximated by a simple competitive type interaction. 

In the first three models (DNAMET I, II, and III), 
the concentrations of all substrates and inhibitors are 
represented in terms of specific concentrations, i.e. 
molar concentration divided by Michaelis constant 
(K,) or by an inhibition constant (Ki) [ 71. In addition, 
in these models all constants are set equal to 0 or 1 for 
the mathematical simulation (except where indicated 
otherwise). 

The modes of action of each of the drugs considered 
were based on the current consensus, as expressed in the 
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Fig. 1. Schematics of the models DNAMET II, III and IV. Solid lines show interconversions (- ). 
Dashed lines refer to feedback inhibition pathways (- - -). Dotted lines refer to feedback activating pathways 
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recent literature 11, 81. Unfortunately, this consensus 
was often difficult to define as considerable controversy 
and uncertainty still exist over the molecular mecha- 
nisms involved in the actions of these drugs. ARA-C 
( I-P-D-arabinofuranosylcytosine), a nucleotide ana- 
logue with a configuration similar to that of cytidine 
and deoxycytidine, is generally considered to be a 
competitive inhibitor [ 9 I of DNA synthesis through the 
action of its S-triphosphate, ARA-CTP, on the poly- 
merization of deoxyribonucleotides [ 101. It has also 
been shown to interfere, perhaps in a complex fashion, 
with the reduction of cytidine diphosphate 191 and to 
have an effect on DNA elongation [ 111. Hydroxyurea 
(HU) has been shown to be a potent inhibitor of DNA 
synthesis by acting as a noncompetitive inhibitor with 
all ribonucleotide reductases [ 121. However, experi- 
ments designed to reverse the inhibition by the addition 
of deoxyribonucleotides have had limited success [ 121, 
and this casts doubt on a single site of action [ 13, 141. 
Fluorodeoxyuridine (FUDR) seems to be a competi- 
tive inhibitor of thymidylate synthetase [ 151, but 
through complex and obscure feedback mechanisms 
other sites of action in the DNA metabolic pathway are 
affected, while methotrexate (MTX) can be approxi- 
mated as a noncompetitive inhibitor of thymidylate 

synthetase 131. ARA-A (9-P-D-arabinofuranosyladen- 
ine), which inhibits DNA polymerase in competition 
with the adenine pool, also may have more than one site 
of action in the DNA metabolic pathway. 

In model DNAMET I, Werkheiser’s original model, 
only those enzymes directly affected by the drugs 
considered were included [ 3 1. Additional enzymes were 
added in the later models (II, III and IV) in order to 
include additional feedback controls, to include more 
completely the effects of HU and ARA-C, and to 
include salvage pathways which were viewed as import- 
ant in simulating in vivo conditions. Detailed descrip- 
tions of each model are provided below. 

DNAMET I: This is identical to Werkheiser’s origi- 
nal model 131. For a schematic of the model and a 
listing of the algebraic and differential equations the 
reader is referred to the original papers 13, 41. 

DNAMET II: Several modifications are present in 
model II, represented in Fig. 1. One is the inclusion of 
the guanine pathway GDP+DGTP-+DNA. This pro- 
vides a more complete simulation of the action of HU 
and an increase in the feedback control of the overall 
system through the presence of inhibitory pathways 
arising from DGTP. It also provides the possibility of 
including in the simulation two activating feedback 



2894 C. A. NICOLINI et al. 

Michaelis-Menten equations from model DNAMET II 

I/ncPP 

YDCTP = {[I + l/CDP(l + DCTP. Kcc + DTTP.“;;“: + DGTP. Kg< + DATP. K,,)] (1 + HU)} 
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Differential equations from model DNAMET II 
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Michaelis-Menten equations from model DNAMET IV 
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Fig. 2. Michaelis-Menten equations for model II and model IV (see Fig. 1 for the schematics of the models). 
The differential equations for model II are also given. 

pathways, namely DTTP activating the DGP-+DGTP 
pathway and DGTP activating the ADP+DATP path- 
way. Another more general change is the inclusion of 
additional inhibitory feedback pathways interlinking 
the various nucleotide synthesis pathways. 

Perhaps the most important difference is the addi- 
tional reaction step catalyzed by the ligase enzyme. 
This is significant in permitting the consideration of the 
action of ARA-C on the ligase step. (An interesting 
speculation is that this effect of ARA-C on the ligase 
may relate to the fact that ARA-C becomes [ 111 
cytotoxic just above levels of DNA inhibition produced 
by other drugs at concentrations well below their own 
threshold for cytotoxicity.) Because the literature was 
vague about the specific type of interaction involved in 
this pathway, both competitive and noncompetitive 
actions were initially simulated. Due to the nature of the 
isobols generated in each case (described later in this 
paper) relative to the experimental isobols of Grindey 
and Nichol 151, it was decided to treat ARA-C as a 
noncompetitive inhibitor of ligase (confirmed later by 
biochemical assays). 

Finally, a change was made in the last step of the 
metabolic pathway described by Eqn. 6 for model II in 
Fig. 2. This change is readily understandable after one 
briefly reviews the rationale for the corresponding equa- 
tion of model LThat equation was derived under the 
assumption that the enzyme obeys simple Michaelis- 
Menten kinetics with respect to the corresponding 

deoxynucleotide triphosphates, and that the product 
can be considered a random trimer of DATP, DCTP 
and DTTP. Therefore, the time for synthesis of the 
trimer was taken as the sum of the times required to 
assemble each precursor. 

There, the statistical factor of 3 takes into account 
that the incorporation of each component represents 
only one third of the total reaction. In model II there are 
only two differences to be recognized. First, there are 
now four precursors, and second, we are incorporating 
the empirical ratio between the various nucleotides in 
the final product by weighting the DCTP and DGTP 
terms by a factor of 150 per cent. Thus, the statistical 
factor necessary is now 5. 

This model is more closely similar to a later model 
developed by the Werkheiser group 161, although it 
differs in many of the details and in the presence of a 
ligase step. 

As a preliminary test for the effect of the introduc- 
tion of real values on predictions of the model, we also 
studied a version of model II with all the constants as 
close as possible to the experimental values. For the 
most part, we used the same constants used in model IV 
described below. In several cases, however, where sev- 
eral steps of model IV were collapsed into a single step 
in model II, we chose the maximal velocity of the 
slowest step to represent the maximal velocity of the 
analogous single step in model II. 

DNAMET III: Additional modifications and addi- 
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tions were made to model II, yielding model III. (See within a certain range by several experimental values. 
Fig. 1 for the schematic diagram of model DNAMET In Table 1 we have also presented those values cur- 
III.) These changes are as follows: rently in use. 

(1) Inclusion of the branching pathway 

DCDP + DCTP 

I 
DUMP + DTMP 

Besides the switch to “real” constants from arbitrary 
and uniform constants, other major changes in model 
IV are the inclusion of both salvage pathways 
TDP + DTDP and TDR + DTMP, and the inclusion 
of all deoxyribonucleotide diphosphate intermediates. 

(2) TDR + DTMP (salvage pathway) 
(3) The additional feedback inhibition pathways. 

A problem arose in regard to handling the branching 
pathways. An example is the formation of DUMP. This 
intermediate compound is produced from 
DUTP + DUMP, and from DCDP + DUMP. We 
made the assumption that the ratio of the maximal 
velocity of DUMP formation from DCDP to the 
maximal velocity of DUMP formation from DUTP is 
1:4. This assumption, in conjunction with the fact that, 
at infinite concentrations of the substrates DCDP and 
DUTP, the velocity of formation of DUMP (ri,uMP) 
must equal the maximal velocity ( V”JZXp ), enables us to 
write the equation describing the velocity of formation 
of DUMP as found in Fig. 2. The same problem arose 
with DTMP because, like DUMP, it was formed from 
two different pathways: 

With constant feedback between the mathematical 
simulation and the empirical biochemical findings, this 
model, now the focus of our attention, is in a state of 
constant flux. However. despite the difficulty such an 
interaction creates, we feel this approach is essential for 
the acquisition of meaningful results, as it presents 
results in terms of real concentrations and real time. 
This difference from the previous models is crucial for 
the development of an optimal chemotherapy strategy 
based on enzyme kinetics and for allowing planned 
studies of time sequence simulations of drug interac- 
tion. Figure 2 shows the Michaelis-Menten equations 
for model DNAMET IV. 

Mathematical methods 

and 
DUMP + DTMP 

TDR + DTMP 

Here we assumed that the ratio of the maximal 
velocity of DTMP formation from DUMP to the max- 
ma1 velocity of DTMP formation from TDR is 9:l. 
Again, at infinite concentrations of the substrates 
DUMP and TDR, the velocity of formation of DTMP 
must equal V izXM:,“‘. so we can write the equation describ- 
ing the velocity of DTMP formation as found in Fig. 2. 

It is only by benefit of sophisticated mathematical 
treatment that we have been able to demonstrate our 
flexibility in model building. All work is performed 
through numerical algorithms run either on the CDC 
3600 or PDP 11 computer. Time evolution studies have 
been carried out for models I and II using Hamming’s 
modified predictor<orrector method [ 161. By the ap- 
plication of this method, a mistake in Werkheiser’s 
treatment of model I was spotted and corrected 141. 
Unfortunately, this integration procedure is inappro- 
priate for model IV. Because of the extreme range in 
maximal velocities found in model IV, the resulting 
differential equations are difficult to integrate numeri- 
cally (a condition known in mathematical jargon as 
“stiffness”) and require special routines. One such 
routine, commonly called the Gear routine, is presently 
being adapted by us for the intergration of model IV. 

DNAMET IV: The design of model IV was guided 
by preliminary investigations with regard to attaining a 
steady state of the transitional model DNAMET III, 
also shown in Fig. 1. Model IV represents a large step 
forward in progress toward our ultimate goal. Realistic 
values for all constants, maximal velocities, inhibition 
and activation constants, Michaelis constants, and even 
starting concentrations, have been employed. These 
values are the result of numerous biochemical assays, 
conducted in various cell lines, and for the most part are 
extracted (under the assumption of homogenous distri- 
bution of chemicals over cell volume) from the results 
of recent experiments, both published and unpublished. 
In many cases the given value was selected from several 
figures, obtained from different cell lines or by varying 
experimental techniques (see Table 2). This range of 
values, where included, was very important to us in 
indicating the degree of freedom we had in adjusting 
these constants during the course of our investigations. 
In Table 1 we have compiled those values initially 
suggested by the biochemical assays and have indicated 
which were purely estimates made without recourse to 
any direct supporting data, which were fixed roughly by 
a single experimental value. and which were based 

Results under steady state conditions were largely 
obtained with a pattern search optimization routine 
[ 17, 181. This program, STEP 50 [ 3, 171, works as 
follows: 

(1) The first call on STEP 50 initializes all internal 
variables and calls for the computation of the minimiz- 
ing function, for the initial values or first guesses of the 
variables for which we are solving (the range of each 
variable is included as input). 

(2) A set of exploratory moves is made adjusting the 
variables one at a time. The value of Y is computed after 
each move. A particular move is retained if it results in a 
lower value of Y than existed before the move. For 
equal or higher values of Y, the move is rejected. 

(3) If the new value of Y is decreased, then the 
corresponding individual variable values replace the 
initial starting values to become the new base point. 

(4) A pattern move is now made that adjusts the 
variables by the amount each has changed between the 
starting point of “first guess” and the first base point, or 
between two successive base points. The pattern move 
is followed by another set of exploratory moves, and the 
value of Y after the pattern move is used as the starting 
comparison for this new set of moves. 

(5) The value of Y at the end of the exploratory 
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moves is compared with the best base point and re- 
corded as a new base point if an improvement has been 
made. This is followed by another pattern move and so 
forth. 

(6) If the above test fails, the pattern move and 
succeeding exploratory moves are rejected. The varia- 
bles are set back to their last base points and a new set of 
exploratory moves are tried. 

(7) If / Y,,, - Y,,,i 1 Y,,, < C, an input, the search 
is stopped and the system considered solved. 

In our case, the minimizing function Y is taken as 

where we are summing over the number of intermedi- 
ates N + f, and where Gi = d (intermediate)i/dr (i <N) 

and C,+ I = VDNA - V,, (V,, = constant = velocity at 
which the steady state condition is tested). At steady 
state, when all intermediate concentrations and vnNA 
are constant, Y goes to 0. 

The extreme versatility of this routine is recognized 
when we realize that we may choose any parameters as 
variabies. 

Thus, it is a simple matter to investigate steady state 
drug actions in the manner reported in Results. As an 
idea of what is involved, we describe the generation of 
two drug isobols at the 50 per cent inhibitory level. The 
procedure begins with the simulation of steady state 
with no drugs present. In this way, we solve for all 
steady state intermediate concentrations and for the 
velocity of DNA formation at steady state. Our next 
move is to fix the velocity of DNA formation at one half 
of its uninhibited steady state value, while assigning one 
of the drug concentrations as a variable. This yields the 
predicted 50 per cent inhibitory dose of that particular 
drug for DNA synthesis. Repeating this procedure with 
each of the other drugs gives us all 50 per cent inhibi- 
tory doses. Note that our choice of 50 per cent inhibi- 
tion is completely arbitrary and we could just as easily 
repeat the entire procedure described above and below 
at any desired level of inhibition. 

Now we are ready to compute the 50 per cent 
inhibitory level for two-drug isobols. These isobols 
represent the set of points, (x, y), where x and J: are 
those concentrations of drug 1 and drug 2, whose 
combination will yield a 50 per cent inhibition of DNA 
synthesis. Then, by fixing the first drug at some concen- 
tration below 1, we solve for the necessary concentra- 
tion of the second drug which will provide a steady state 
at conditions of 50 per cent inhibition. The shape of this 
isoboi reflects the qualitative types of interaction, either 
antagonistic, synergistic or additive, between the two 
drugs (as discussed in Results). 

Because we are dealing with highly nonlinear alge- 
braic equations, there is no reason why our steady state 
solutions need be unique. The STEP 50 routine, by 
allowing us to begin our search anywhere within the 
appropriate variable range, provides an easy means of 
checking the multiplicity of the steady state. However, 
all of our models tested to date have had unique solu- 
tions. The accuracy of our solution has been confirmed 
by the fact that similar data has been obtained with an 
an alternative optimization routine based on Bremer- 

mann’s global optimization method [ 191 and loaded 
into a PDP 1 l/40. 

~~~che~ical det~r~~nati~n of various constants 

The real numerical values of all maximal velocities, 
Michaelis-Menten constants, and nucleotide inhibitor 
and activator feedback constants have been obtained 
either from the literature or proper experimentation 
[ 2&261. Table 1 summarizes the numerical values of 
all relevant enzyme kinetic parameters as used to obtain 
convergence to a steady state for model IV. It must be 
remembered that the activity of ribonucleotide reduc- 
tase is influenced by many factors, including its insta- 
bility, the dithiol (thioredoxin) concentration, Mg*+, 
Fe*’ and various other ions, in addition to all the 
nucleotides. The measured activity also varies with 
tissue and tumor growth, and fluctuates during the cell 
cycle. Thus, the quoted values of m~imum velocities 
can only be taken as an approximate order of magni- 
tude, and in this range they were used. 

The K, values and the activation and inhibition 
constants are more reproducible 1201, even with the 
limited data on their interactions with varied activator 
and inhibitor levels. The latter are the concentrations 
giving 50 per cent activation, or 50 per cent inhibition 
at optimal activator concentration, for triphosphates, 
ignoring any conversion to diphosphates. 

The V,,,, values for Novikoff reductase have been 
calculated from the observed level of CDP reduction in 
the 100,000 g supernatant fraction and the ratios of 
CDP-UDP-ADP-GDP reduction with purified en- 
zyme. The later ratio varies with the cell cycle phase 
(see Table 2). The ribonucleotide concentration for 
Novikoff cells was determined by R. B. Hulbert, using 
liquid chromatography. 

RESULTS 

Uninhibited steady state 

As shown previously [4] all results pertaining to 
steady state conditions with model I were reproduced 
using STEP 50. For an in depth discussion of model I 
results, however, one should refer to Werkheiser’s origi- 
nal paper [ 3 1. 

Prelimim~y studies of different versions of model II 
were carried out with regard to its overall “stability”, as 
judged by the presence or absence of a steady state. 
These findings are presented in Table 3. Out of the 
possible combinations of feedback inhibition constants 
producing a stable model, one was selected, largely on 
the basis of its accord with current bi~hemic~ knowl- 
edge, as the model for which all simulations were run. 
Note, however, the sensitivity of the model to parame- 
ter changes, contrary to what has been reported in the 
literature for earlier models [ 3 I. For instance, reducing 
K,, the feedback of DCTP back onto the 
CDP + DCTP reaction, from 1 to 0.1, maintains a 
convergence of the steady state, while a further reduc- 
tion to 0.0 1 destroys the steady state (Table 3). Given 
this dependence, it is obvious that parameter values 
may be critical in determining the behaviour of a 
system. 

During studies of model III, this dependence on 
parameter values was observed as well. Data obtained 
from different cell lines (synchronize in Mid-S phase- 
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Table 2. Final concentrations of the four deoxyribonucleotides pools as given by the different models (upper panel ) and as 
experimentally found in different cell lines (lower panel )* 

DATP DGTP DTTP DCTP I 4\ 

Model I 0.42 I4 None 0.42 14 0.9375 0.3404 
Model II 1.713 0.106353 0.4682 0.7387 0.3 IX9 
Model III 0.002 0.60206 1.0838 0.8 169 0.435x 
Model IV <O‘S14 x 10 3 0.1203 s lo--’ 0.4173 Y 10-S 0.6072 r IO-? 0.2726 n IF’ 

(n&l) tmM) (mM) (mM) (mM~min) 

c_-...... 

HeLa [ 271 
CHO /281 
MOW2 

embryo I 29 1 
~~- 

-~.--.-_II__-.-- _.---_____- -_ -_ -. - . ..___..__- ..__ ~_ .._. .._ 
DATP DCTP DTTP DCTP 

.-.-.. -. - - _~~. .._ __.. 

4.210.? mM (0.724) 4.210.’ mM (0.724) 8.410-’ mM (1.45) 5.8 10-j mM (1.0) 
9.1 10-j mM (0.23) 1.3 IO” mM (0.03) 4.210.’ mM (0.10) 42lO-? mM (1.0) 
4.1 IO-’ mM (0.352) 0.63 10“ mM (0.053) 3.510.’ mM (0.29) I l.710-1 mM (1.0) 

* Note that the final concentrations given by model IV (last row upper panel) are @IX in arbitrary units. The value of steady 
state velocity (0.27) mM/min) corresponds to a diploid cell line which last 8 hr in S-phase (during which 15 1 mM ofnew DNA 
is replicated, and will synthesize DNA at a velocity of0.32 mM/min. The values in parentheses refer to the ratio ofexperimental 
nucleotide pool as referred to DCTP as units. 

see Table 2) indicates a large variability which may be 
properly simulated only by more comprehensive and 
flexible models including real numerical values (which 
will differ between cell lines). 

This brings us naturally to a discussion of model IV. 
Here, as described before, we are dealing with an in uivo 

simulation using real constants which may differ from 
each other by as much as five orders of magnitude. 
Given the nonlinear nature of the system and the large 
range of constants, a complexity and stiffness are intro- 
duced into the model far exceeding that of any of the 
earIier models. Despite the difficulties this presents. we 
have been encouraged by our results to date. 

Using values close to the unaltered experimental 

values (see Table I) for our constants. we have achieved 
a steady state (Yminimization function = IO-“). In the 
instances in which we did have to use a different 
constant value than the experimental in order to achieve 
a steady state, we still maintained the value of the 
constant within the experimental range suggested. Spe- 
cifically, the Michaelis and feedback constants were 
fixed exactly equal to the experimental values sug- 
gested, and the maximal velocities varied within one 
order of magnitude. 

One problem encountered was the questionable ex- 
istence of a feedback from DCTP back onto the 
CDP + DCDP step. The literature is vague on this 
point, generally speaking of a very small feedback. if 

Table 3. Effects of changes in the feedback pathways on the overall convergence of model II to a steady state. * 
- __ ___ 

Km Computer 
optimization 

~~~ -.. 
I Unstable 
1 Unstable 
0 Unstable 
I Unstable 
0 Unstable 
0 Unstable 
0 Unstable 
I Unstable 
0 Unstable 
I Unstable 

0 Stable 
0 Stable 
0 Stable 
0 Stable 
0 Stable’- 
0 Stable 
0 Unstable 

.._ __ ~~~ _ _. 

* The investigation of the stability properties was performed by linearization ofthe differential equations around 
the steady state values and using the criterion that the eigenvalues ofthe Jacobian matrix associated with the system 
should all have negative real parts to guarantee stability f 241. Note that in the last three rows the changes affect un!r 
the magnitude of the feedback constants. 

+ Combination utilized to generate isobols. 

~.___________ .-. _-. .--. .._ .._ - - .-- _ _. ..- ..__.. . 

R PLI 4, Km Ka, K,, Ku, Kc.,. K,, Km Ku, K,, k’,,. K,, 

-~.---._- -.-- --- -.. -- ___..-- _~ _ __--_ 

I 1 I I 1 0 0 I 0 I I I 0 
1 I 11 IO 1 Ii I1 I i 
1 1 I I 1 0 I I I 1 1 1 I 
i 1 11 10 0 1 ? 11 II 
1 I ill 0 II I i I IO 
111 0 I IO 0 0 111 0 
1 11 0 10 0 0 0 Ill 0 
I I 1 1 1 0 0 I 0 1 I 0 I 
I I I I I 0 0 I 0 I I i I 
I 1 f 1 Ill1 11 I I I 
0 0 1 0 I I 1 0 0 1 1 0 0 
I I I 0 1 0 I 0 0 I I I 0 
I I I 0 I I 1 0 0 1 I I 0 
1 I I I 1 0 I 0 0 1 1 I 0 
I 1 I 1 I 0 I 1 0 1 1 1 0 
1 1 I 1 1 0 0.1 I 0 I I I 0 
1 1 1 1 1 0 0.01 1 0 1 I I 0 

-~_. ~_._ - -.. __ .__ 
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any. As in all of our other models. however, we found 
that this feedback contributes a considerable stability to 
the system and. therefore, we included it in model IV. 
We were able, though, to reduce the magnitude of this 
feedback to several orders of magnitude smaller than 
any other in the model and to well below the detectable 
limit of current experimental procedures. 

The final steady state concentrations of the triphos- 
phate pools, expressed in mM, and the final steady state 
velocity of DNA synthesis expressed in mM/min (ar- 
rived at through this model) confirmed the overall 
validity of the model (see Table 2): for instance, the 
theoretical DNA synthetic rate (0.27 ~M~M~n) is com- 
patible with that one ex~erime~tall~~ determined for a 
dipfoid cell line (0.32 pM/min) with an X h long S- 
phase. The imbalance in pool sizes. with respect to 
experimental values, is not totally unexpected in light of 
the lack of accuracy of much of the experimental data 
from which the constants are drawn and, perhaps more 
important, the fact that the constants are compiled from 
data collected from several different cell lines (princi- 
pally Novikoff and Chinese hamster). This last point is 
critical, as we find that slight variations in constant 
values, particularly in the initial steps of the network, 
may lead to drastic changes in the steady state interme- 
diate concentrations without affecting the convergence 
of the system to a steady state, Hopefully. we will soon 
have consistenr experimental data, collected from a 
single cell line, on which to base our model. We would 
like to reemphasize, though, that this variability sug- 
gests that the quantitative or even qualitative behaviour 
of the system may depend om quantitative differences in 
constant values and that drug action, therefore. may 
differ between cell types. 

Two-drug isobob 

Several two-drug isobols from model II are plotted in 
Fig. 3 along with the isobols calculated by model I and 
with model II where ARA-C is taken as acting competi- 
tively on ligase. Included also are the actual experimen- 
tal isobots for suspension cultures of leukemia L I2 IO 
cells ISI. It was to explain these excremental results, 
which in certain cases were opposite to those predicted 
by traditional arguments of sequential, concurrent and 
complementary inhibition, that Werkheiser designed 
model I [ 31. 

From these studies we see what effect slight changes 
in the model may have on a two-drug isobol structure. 
The changes we are referring to here are small structural 
alterations in the model, such as between model I or 
model II with ARA-C acting competitively or noncom- 
petitively on the ligase reaction. Judging from the 
effects of quantitative differences on stability of the 
models, as discussed in the previous section. one might 
expect an influence on isobol form due to qu~t~~at~~e 
differences. In fact, this premise is borne out by the 
ARA-C vs HU isoboi generated from the adaptation of 
model II using real constants (shown in Fig. 4). Note 
that this isobol is the only isabol predicting antago- 
nistic behaviour for the entire range of ARA-C values 
and that it is qualitatively different from the isobol 
generated by the same model with arbitrary values. 

Such results, indicating that small model changes 
may lead to differences in isobals as well as differences 
in its convergence to a steady state, as discussed previ- 

I 

ARA-C 

Fig. 4. Two-drug isobol generated by model DNAMET II 
utilizing real valued constants. More details are given in the 
text. Key: (+---G+) Model II with real valued constants: 
i- -_) Model II with constants set = 1: (--- 1 h4odel If 
with constants set = I, AK&C competitive on ligase: 
C - -) Model I ~Werkheiser’s model i; and ( x ) experimental 

values. 

ously, force one to question whether it is valid ta design 
the mathematical model primarily through an optimiza- 
tion of its predictions with steady state isobol extp~i- 

mental data, an approach chosen by the Werkheiser 
group. (Indeed, their cIaim that their models are rela- 
tively insensitive to parameter changes is questionable, 
in light of this approach.) A strategy of this nature gives 
no guarantee that the model arrived at will yield accu- 
rate simulation of transient situations nor does it guar- 
antee that it will provide valuable guidelines toward 
designing a working in Y&O model. Rather, a logical 
approach must include constant feedback between the 
structure of the real biochemical system, as presently 
understood, and the emerging theoretical model. Inclu- 
sion of all proper metabolic pathways and feedback is 
necessary in order to mimic the actual interactions 
occurring within the cell. 

At this point it is convenient to introduce two notes 
of caution which will have to be kept in mind for future 
studies. First, in regard to future results from models III 
and IV, it will not be proper to compare Jrt v&o 
experimental results with predictions from a theoretical 
model aimed toward simulating in viva conditions. 
With regard to this difficulty, we expect soon to have 
experimental results under in rive conditions by means 
of special techniques already outlined in the literature 
141. This will be of great benefit in helping us to 
discriminate between different in viva models. 

The second difficulty has to do with the way the 
original experiment was carried out [ 5 I. It appears from 
the original paper that what was measured was 50 per 
cent inhibition of cell growth rather than 50 per cent 
inhibition of DNA synthesis. By not accounting for the 
fraction of time the cell is in S phase, what the authors 
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actually measured were the isobols at a higher level of 
inhibition. Using data taken from Ref. 30, which re- 
ports S phase as roughly 9 hr and the total cycle time as 
12 hr, we can compute the actual level of DNA inhibi- 
tion for the above experiment as being about 5 I per cent 
of DNA synthesis inhibition, rather than the 50 per 
cent reported. 

If the theoretical isobols remained unchanged with 
increasing levels of inhibition. this difference would be 
irrelevant. However, as first pointed out by Werkheiser 
et al. I31 and verified by us also with model II, a 
different per cent of inhibition may lead to quantitative 
(although probably not qualitative) differences in the 
isobols. Thus, an interaction such as FUDR vs HU 
showed a greater degree of synergism at 80 per cent 
than at 50 per cent. Of course, such findings are directly 
relevant to the problem of establishing clinical drug 
protocols. 

In our use of isobols to study drug interaction, we are 
by no means limited to two-drug interactions. fn theory, 
the same general principles may be applied to interac- 
tions involving an arbitrary number of drugs. We now 
address ourselves to the problem of a three-drug isobol, 
i.e. a surface in three dimensions which is a level set in 
regard to degree of DNA synthesis inhibition 
(V,, = constant =f(D 1, D2, D3)). The method used to 
produce these surfaces is merely an extension of the 
procedure for the calculation of two-drug isobols dis- 
cussed earlier. 

Suppose we are interested in a three-dimensional 
isobol at the 50 per cent inhibitory level of the three 
drugs, where X’sO%, x?,,,,, x350x denote the appropriate 
~hibitory dosages for the three drugs. We can plot the 
tree-dimensional isobol simply by setting 
X3 - (x3,,,) K, K = 0,O. 1, . . . ,0.9, and then solving 
the equations for the two dimensional isobols for X’ and 
x?. We thereby obtain the contour plot of the three- 
dimensional isobol in the X’, X plane with X at 
various levels between 0 and x)s0%. In order to more 
readily study these three-dimensional isobols, we found 
it convenient to introduce a quantitative index of drug 
action. However, before describing our choice of index, 
we first must declare the particular definitions of syner- 
gism, antagonism and additivity that we have adopted. 
N drugs are considered to be acting additively in a given 
region if their isobol at the desired level of inhibition 
can be described in this region by the hypersurface, 
A,+A,+... + A, = 1, where all A, values represent 
normalized drug doses. Moreover, N drugs are consid- 
ered to be acting synergistically in a given region if the 
isobol satisfies the condition A, + A, + . . . + A, < 1 at 
any point on its surface, and antagonistically if for pts. 
on its surface A, + A, + . . . + A, > 1. 

As an example, in two dimensions, an isobol lying 
below the line,A, + A, = 1, would be considered syner- 
gistic, while an isobol above the line, A, + A, = 1, 
would he antagonistic. It is important to note that it is 
not necessarily the curvature of the isobol which deter- 
mines the manner of drug interaction, but rather its 
location in the drug phase space relative to the additive 
isobol. 

Using the above definitions, we can establish an 
overall drug index which will relate the departure of a 

given isobol from the strictly additive isobol to its 
degree of synergism or antagonism. We do this by first 
defining at any given point lying on the isobol surface, a 
subindex, 1, given by: 

lj=(A,+A,+...+A,)-1 

Then an overall approximate drug index, L, can be 
defined by an average of subindex values for M points 
evenly distributed about the entire isobol. That is, 

(To make this exact we could use the integral in place of 
the finite sum.) 

By this definition, synergistic combinations of drugs 
would have indexes ranging from - 1 to 0, an additive 
combination an index of 0, and antagonistic combina- 
tions, indexes greater than 0. 

Of course, since we are using an average, we must be 
aware of the possibility of synergistic and ~tagonistic 
regions cancelling each other. Thus, an interaction of 
two drugs might have a total index close to 0, although 
in certain regions the drug combination was either 
strongly synergistic or antagonistic. 

This problem can easily be taken into consideration 
by dividing an isobol into regions where one or the 
other of the types of drug interactions dominates, and 
considering each of these regions seperately. 

An advantage of the method described above for 
characterizing drug inreractions is that it can easily be 
applied to describe the interactions of an arbitrary 
number of different drugs. 

In fact, for a drug dimension greater than 2, we can 
use the above genera1 method for more than one kind of 
labeling index (N- 1 kinds, to be exact). For instance, in 
three dimensions we can either define an index which 
will indicate the overall interaction of the three drugs 
(L = ZIi: where I, = A, + A, + A, - 1.0) or alterna- 
tively by defining, L(A,) = [Eli( (where 
I, = A’, + A’, - 1.0, and A, is held constant over the 
sum), we can consider the influence of a third drug on 
the type of interaction of two other drugs. Note that for 
this last type of index, we are renormalizing A, and A, 
for each value of A,. 

As an example of the ideas outlined above, we can 
consider the 50 per cent three-dimensional isobols 
generated by model DNAMET II for the drugs ARA- 
A, ARA-C, FUDR and HU. 

Examining the graphs below (Fig. 5), we see that the 
third drug under consideration is critical in determining 
both the strength and type of interaction of two other 
drugs. These graphs consist of plots of the value of the 
two-dimensional index, L(A,), defined above, vs con- 
centrations of the third drug. 

In all cases except for the ARA-A vs FUDR interac- 
tion, L(A,) changed significantly with changing doses 
of the third drug. With certain drug concentrations 
these changes were qualitatively similar for both of the 
two possible third-drug combinations. For instance, the 
ARA-A vs ARA-C combination showed a decrease in 
its syn~gism with increasing concen~ations of either 
HU or FUDR, as did the combination HU vs ARA-A 
with increasing concentrations of ARA-C or FUDR. 
Similarly. the combination of FUDR vs ARA-C 
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Fig. 5. Three dimensional isobols generated by model DNAMET II. The symbols near each curve refer to the 
third drug considered; the scale on the X-axis gives its value as a fraction of its 50 per cent inhibition value. 

showed a decrease in ~tagonism with increasing con- 
centrations of HU or ARA-A. 

However, quantitatively these changes were mark- 
edly different for the two possible third-drug combina- 
tions. For the ARA-A vs ARA-C interaction, FUDR 
produced a much greater drop in synergism with in- 
creasing concentrations than did HU. 

Likewise, the drop in antagonism with increasing 
concentrations of the third drug for the interaction of 
FUDR vs ARA-C was much stronger with ARA-A as 
the third drug than with HU. Indeed, the interaction 
became nearly additive at high doses of ARA-A, while 
still remaining strongly antagonistic with HU. The 
most dramatic differences in the qu~titative degree of 
these changes, however, was shown in the HU vs ARA- 
A interaction. Here, FUDR as the third drug produced 
such a sharp decrease in synergism that at very high 
concentrations the interaction actually became antago- 
nistic. In contrast, ARA-C as the third drug caused a 
much slower drop in synergism and the interaction 
remained signihcantly synergistic even at a ARA-C 
concentration of 0.9. 

In two cases, the changes in the type of interaction 
were actually qualitatively different for different third 

drugs. For the FUDR vs HU interaction. ARA-A 
produced a shift from synergism to additivity, while 
ARA-C produced a shift from synergism to strong 
antagonism. Most intriguing though was the effect of 
third drugs on the HU vs ARA-C interaction. This 
interaction with no third drug present was very nearly 
additive. With ARA-A as the third drug, this interac- 
tion became strongly antagonistic while with FUDR it 
was synergistic. Thus, two different choices of the third 
drug precipitated entirely opposite changes in the two- 
drug interaction. 

Such studies indicate that pertubations ofthe system 
may be used to alter drug action. In this case, the 
perturbation is created by the presence of the third drug. 
However, these studies suggest as well that time se- 
quence drug administration, where the first drug is used 
to perturb intermediate pool sizes, may also be an 
effective means of altering drug action. This point will 
be elaborated upon in a later section. 

An analysis of the overall drug index for the various 
three-drug combinations is also interesting. Such an 
analysis reveals that the overall interaction, whether it 
is synergistic or antagonistic, is strongly dependent on 
the exact concentration of the three drugs and not only 
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Fig. 6. Comparison between the time evolution of the four deoxyribomicleotides as predicted by model II 
(upper panels), and the experimental results (lower panels) following administration of hydroxyurea (left 

panel) and methotrexate (right panel). A. U. = arbitrary units. 

on their sites of action. This fact, therefore, should be 
considered when utilizing multiple drug combinations 
in anti-neoplastic treatment. Although in all cases the 
greatest degree of either synergism or antagonism oc- 
curs for two-drug combinations, this does not foreclose 
the importance of three-drug combinations in achieving 
maximum synergism in other, perhaps more realistic 
models. Therefore, this is also an avenue which should 
be explored further. 

Nucleotide pools vs time after perturbation 

As stated previously [ 3 I, investigations of time se- 
quence behaviour of intermediates involved in DNA 
synthesis are extremely important. Due, no doubt, to 
the extensive feedback found in DNA synthesis, con- 
centrations may oscillate or overshoot before reaching 
steady state values. Thus, experiments which predict 
drug effect by the direction of initial changes in pool 
sizes may be highly misleading [ 3 I. This is illustrated 
by Fig. 6 where a comparison is shown between the 
time evolution of the four deoxyribonucleotide pools 
after inhibition by MTX, as predicted by model II and 
as experimentally determined for mouse 5178Y lym- 
phoma cells [ 3 1 I. Of course, this is at best an indirect 
comparison, as the drug concentration used in the 
experiment was not the 50 per cent inhibitory dose for 
MTX. However, the model seems to be able to mimic, 
at least qualitatively, the experimental data. A compari- 
son with the time course predicted for the dCTP, 
dGTP, dATP and dTTP pools by model I [3, 41 

strongly suggests a greater capability of model II in 
describing the processes involved in the DNA inhibi- 
tion by the drug. 

More precisely, the final portion of the overshoot of 
the dCTP pool after about 12 hr and the intersection of 
the dGTP and dTTP curves after about 16 hr seem to 
be predicted by the model. Also, in the case of 50 per 
cent inhibition by hydroxyurea, the time sequence of 
the same nucleotides, as simulated by DNAMET II, is 
in approximate agreement with the experimental data 
obtained [ 291 (see Fig. 6). These two examples indicate 
the overall capability of simulation, even at the simplest 
level, to predict the experimental variations of interme- 
diates as a consequence of drug perturbation. Indeed, 
the nucleotide pools reach the new steady state in a 
quite shorter time scale after hydroxyurea administra- 
tion than after methotrexate administration (see also 
below), both in the experimental evolution (lower 
panels) and theoretical simulation (upper panels). 

Interaction of drugs given sequentially 

In terms of potential therapeutic action, time se- 
quence drug administration may be of extreme value. 
Our theoretical models suggest that pertubation of 
intermediate pool sizes by one drug will affect transient 
behaviour after administration of a second drug. This 
will be especially significant if the time to reach steady 
state is large relative to the duration of S phase (which 
below), both in the experimental evolution (lower 
panel) and theoretical simulation (upper panels). 
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Table 4. Effects of the order of sequence of two drugs (HU and ARA-C) on the rate of DNA synthesis* 

State of 
the system 

%DNA ‘XI DNA 
synthetized synthetized 

after after 
20 A.U-. 40 A.U. 

State of 
the system 

% DNA %i, DNA 
synthetized sgnthetized 

after after 
38 A.U. 76 A.U. 

No drugs 
HU @=0-t/=20) 
ARA-C (~~21 -t-40) 
ARA-C (f==O-+t=20) 
HU(t=21+r-40) 
50% HU+ 50% ARA-C 
(r=0+t=40) 

100 100 

50 46 

44 54 

50 51 
--- --~- 

No drugs 100 100 
HU(t=O--+I-38) 
ARA-C (t -= 39 -t t = 76 50 48 
ARA-C (t --: 0 ---* t = 38) 
HU(r=39-r-76) 47 45 
50% HU + 5@%ARA~C 
(f-O-+t-c76) 51 51 

__ ........I__ - .x-- ______~ 

State of 
the system 

% DNA %DNA 
synthetized synthetized 

after after 
270 min 540 miff 

No drugs 
HU (I=-O-,t=270) 

100 100 

ARA--C(t= 271+t-540) 50 36 
ARA-C (t=O+t= 270) 
HU(t=271+t=540) 34 22 
-.- 

* The upper panels refer to a simulation utilizing model 
DNAMET II with all the constants set equal to 1. The lower 
panel refers to an analogous simulation utilizing a real-values 
model, as explained in the text. The values of the drugs are 
those which gave a 50 per cent inhibition steady state. 

per cent inhibition at steady state may give rise to 
extremely different percentages of DNA synthesis over 
a biologically significant time scale. 

To study sequential drug administration we are first 
framing the problem as follows: given a pulse of drug 1 
at t = 0, at what time, t, would administration of a 
second pulse of drug 2 yield the minimum DNA syn- 
thesized during a given time interval, AT? (Alterna- 
tively, we might fix the total amount of DNA synthe- 
sized, and maximize the time interval required for 
s~thesis.) 

At first, hi, t, and k,, t,, where hi is the concentration 
and ti is the time interval for administration of the ith 
drug, would be fixed and the optimum time t found. 
This could eventually be extended by allowing h, and t,, 
and h, and t2 to vary, subject perhaps to the constraints 
h,t, = D, = constant. and &t, = L), = a constant. Fi- 
nally, instead of using square pulses, more realistic 
pulse shapes predicted by drug metabolic experiments 
could be used. UltimateIy, such studies may be able to 
provide the optimum chemotherapy strategy, predict- 
ing not only which drugs to choose, but also the time 
and. manner for the administration of each of these 
drugs. 

Early studies have been carried out with model II, 
using the drugs HU and ARA-C. Whereas HU causes 
generally a monotonic shift to the new 50 per cent 
inhibited steady state, ARA-C achieves a new steady 
state only after oscillations of pool sizes (not shown). 
Moreover, the time scale necessary for this shift is 
greater for ARA-C than HU. as shown by utilization of 

real numerical values (see below). Initially, by compar- 
ing our simulation of MTX inhibition with experimen- 
tal results, we obtained a rough correspondence be- 
tween the arbitrary units (AU.) of model II and real 
time, establishing 100 A.U. equivalent to 12 hr. 

Choosing the time for integration first equal to 9 hr 
(duration of typical S-phase), we then proceeded in our 
simulation, as outlined above. Starting from the uninhi- 
bited steady state, we first applied a 50 per cent inhibi- 
tory dosage of HU from t = 0 to 38 A.U., followed by 
an equivalent dosage of ARA-C from T = 38 to 76 
A.U. This was repeated with the two drugs inter- 
changed and both cases were then compared to simulta- 
neous administration of one-half the 50 per cent dos- 
ages of both HU and ARA-C from T = O-76 A.U. Note 
that, at these dosages, the two drugs are nearly additive 
at steady state. 

The results are shown in Table 4. We see that there 
are small but significant differences between the two 
sequences of HU and ARA-C. This is not surprising 
given the relatively long time necessary for ARA-C to 
cause a shift to a new, inhibited steady state. What is 
surprising is that the ARA-C-HU sequence results 
indicate that the time scale for going to the inhibited 
steady state becomes large for HU if one begins with 
intermediate pool sizes determined by the ARA-C 
perturbation rather than the uninhibited steady state 
pool sizes. 

We then repeated this simulation with the total time 
interval for integration reduced to 40 A.U. The results 
are atso shown in Table 4. What is now interesting is 
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that, while the effectiveness of the HU-ARA-C se- 
quence is qualitatively independent of the time interval 
chosen, the ARA-C-HU sequence effectiveness is 
strongly dependent. For a short time interval the admin- 
istration of HU after ARA-C is much less effective than 
for a long time interval, while for the reversed sequence 
the short and long time intervals yield similar results, 
both giving a greater inhibition than simultaneous ad- 
ministration of both drugs. 

Encouraged by these findings, we then repeated the 
above study over a 9-hr time interval, using a version of 
model II with real constants, described earlier in this 
paper. In this case, where the time scales for transient 
behaviour of the system (starting from unperturbed 
steady state values) after administration of HU and 
ARA-C are drastically different (HU few minutes, 
ARA-C many hours), the results are far more dramatic, 
and a critical dependence on drug ordering is now 
demonstrated (Table 4). The dependence is similar to 
that predicted from the earlier study for a long time 
interval. 

Given that these results were obtained using an early 
model, we must emphasize that our point was not to 
obtain definite predictions of the interactions of specific 
drugs administered sequentially. Rather we desired to 
demonstrate that, given two drugs with different tran- 
sient behaviours, their interaction may be strongly 
sequence dependent, mainly when real numerical values 
are utilized, and that possibly this feature may be taken 
advantage of in optimizing drug action. 

This calls for a model utilizing “realistic constants” 
in order to present results according to a real time scale. 
In light of the sensitivity of these models to small 
qualitative and quantitative changes in structure, as 
shown by convergence, two-drug isobols, and time 
evolution studies, it is essential for all purposes that the 
mathematical model be patterned as closely as possible 
to the real biochemical system, including all known 
pathways and the use of experimentally derived con- 
stant values. 

This has been done with model IV which also in- 
cludes the salvage pathways critical for the simulation 
of in viva conditions. It is significant that early attempts 
using one incorrect feedback constant (K,) required 
extensive changes in other constant values before con- 
vergence to a steady state could be achieved, while 
substitution of the correct value led to convergence with 
only minor changes of the constant values. This is 
consistent with results obtained from models II and III 
concerning the sensitivity of the models to parameter 
changes. 

Finally, we would like to reemphasize that such 
dependence of the system, although introducing an 
added complexity, suggests the possibility that differ- 
ences in constant values between cell lines may lead to 
qualitative, in addition to quantitative, differences in 
drug action and interaction. However, it is only through 
an approach involving constant feedback between ex- 
perimental results and theoretical models that such a 
possibility may be best explored, to enhance the effec- 
tiveness of combination cancer chemotherapy. 

DISCUSSION AND CONCLUSION REFERENCES 

In summary, our pharmaco-enzyme models demon- 
strate the potential for simulation of DNA anti-metabo- 
lite drug action on intermediate pool sizes and DNA 
synthesis. 

In addition to providing a framework for the under- 
standing of experimentally observed two-drug interac- 
tions as discussed in earlier papers 13, 41, they also 
allow us to make definite predictions concerning more 
complex aspects of drug interactions. Studies of steady 
state three-drug interactions, aided by our definition of 
a quantitative drug index, indicate that it may be possi- 
ble to dramatically reverse the type as well as intensity 
of interaction between two drugs by increasing the 
concentration of a third drug. This may be understood 
as the effect of pertubations in intermediate pool sizes, 
in this case produced by the third drug, on drug 
interaction. 

Similarly, transient deviations from steady state pool 
sizes may have profound influences on drug action, 
producing drug interactions which cannot be extrapo- 
lated from steady state results. Thus, time sequenced 
drug administration was shown to have great influence 
on drug interaction if the time scale of the system for 
transient behaviour was large, relative to the appropri- 
ate biological time interval. This raises the question of 
whether steady state results are at all meaningful bio- 
logically as it has not yet been established, experimen- 
tally or theoretically, how appropriate the steady state 
approximation is over the relevant time interval. There- 
fore, theoretical models must have as their aim the 
accurate simulation of transient as well as steady state 
conditions. 
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