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ABSTRACT: Interest in the kinetics of glycogen phosphorylase has recently been renewed by the hypothesis
of a glycogen shunt and by the potential of altering phosphorylase to treat type Il diabetes. The wealth of
data from studies of this enzynie vitro and the need for a mathematical representation for use in the
study of metabolic control systems make this enzyme an ideal subject for a mathematical model. We
applied a two-part approach to the analysis of the kinetics of glycogen phosphorylase b (GPb). First, a
continuous state model of enzymlgand interactions supported the view that two phosphates and four
ATP or AMP molecules can bind to the enzyme, a result that agrees with spectroscopic and crystallographic
studies. Second, using minimum error estimates from continuous state model fits to published data (that
agreed well with reported error), we used a discrete state model of internal molecular events to show that
GPb exists in three discrete states (two of which are inactive) and that state transitions are concerted. The
results also show that under certain concentrations of substrate and effector, ATP can activate the enzyme,
while under other conditions, it can competetively inhibit or noncompetitively inhibit the enzyme. This
result is unexpected but is consistent with spectroscopic, crystallographic, and kinetic experiments and
can explain several previously unexplained phenomena regarding GPb activityo andin witro.

Glycogen phosphorylase catalyzes the following reaction: GP-specific drugs to curb the excessive glucose production
responsible for hyperglycemia in diabetics has been sug-
gested 4, 5). Also, the glucose-controlled switch between
phosphorylase and glycogen synthase in the liérafd

the difference between controls that permit ultrasensitivity
to hormone concentrations in the liver and mus@eh@ve
attracted recent attention.

Glycogen phosphorylase activity is controlled both by
covalent modification by an enzyme cascade, whereby
phosphorylation of the less active form of the enzyme
(phosphorylase b) converts it to the more active form

Phosphorylase

(Glycogen) + P, (Glycogen)_; +

Glucose-1-Phosphate (1)

The study of glycogen phosphorylase (ERas a long
and rich history, starting with the work of the Coris in the
1930s (). There has been a recent renewal of interest in GP
because of new theories about its role in energy flux and as
a potential target for a treatment for type Il diabetes. Shulman

and RothmanZ) noted that rapid ATP production in the — ,pqphorylase a), and by allosteric modification. The muscle
first few_mﬂhseconds of exercise in muscle requires glyco- isozyme of phosphorylase b (GPb) may be activated by AMP
_genolysus, as ATP and creatine .phosphatle supplies %o 80% (or more) of the activity seen with muscle phospho-
inadequate to support the massive INCrease in .ATP qemandrylase a (GPa) (the liver isozyme of GPb, however, achieves
They prqposed a “glycogen shunt hypothe5|s" in which the only 20% of GPa) §). Here, we focus on GPb because the
modulla_tlon 0:1 GP IS Cin}ral'l In thellr TOdekl) ofhthedgl%/co;] action of effectors is more pronounced on this form than on
genolytic pathway In skeletal muscle, Lambeth and Kush- gpg “ang effectors presumably have a similar influence on
merick @) showed that glycogenolysis and glycolysis in - gpy, a5 they do on GPa, because there is a richer field of
skeletal muscle are strongly driven by ATP utilization within data for GPb. and becau’se GPb may itself be important in

a Cﬁ” anq that ﬂg).( througGhPthe glycogenolys'g;lycol;l/lsis the first seconds of intense muscle use, before covalent
pathway is sensitive to activity at rest as well as at o jification is made.

moderate and maximal levels of ATP utilization. Interest in The renewed interest in glycogen phosphorylase, the

G.P has also increased W'th the rise in obesny "?‘F‘d assoc'ate‘?)otential usefulness of simple yet accurate model for use at
diseases such as type Il diabetes. The possibility of makmgthe systems level, and the large amount of available kinetic

data (e.g.9—18) indicate that a fresh mathematical analysis
* To whom correspondence should be addressed. Phone: (802) 656f GPb kinetics could lead to interesting and exciting results.

383%0':%:' 6??5&2?3’0747' E-mail: scwll@cornell.edu. Here, we take a two-phase approach, modeling in turn the

$ University of California, Berkeley. _ _ enzyme-ligand interactions and then the internal molecular
"'Current address: Molecular Physiology and Biophysics, 115 HSRF, events of glycogen phosphorylase action, to find a simple
University of Vermont, Burlington, VT 05405. new model of GPb. We conclude (1) that ATP and AMP

1 Abbreviations: GP, glycogen phosphorylase; GPb, skeletal muscle . . . . .
glycogen phosphorylase b; MWC, Monod, Wyman, Changeux; KNF, ¢an bind to four sites per enzyme, whiledan bmq to two;
Koshland, Nenethy, Filmer. (2) that phosphorylase b exists in at least three discrete states,
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two of which are inactive; (3) that state tranSiti_OnS are likely Table 1: Data Sets from Published Literature Used for Model Fits
concerted; and (4) that ATP can be a weak activator or strong

inhibitor, depending on the concentration and chemical temp. substrate AMP range " ramae. points in
environment. (°C) used (mM) (mM) data set reference
25 P 0.0-0.9 0.5-25 28 Lowry et al. {3)
1. MATERIALS AND METHODS 25 G1P 0.6-0.4 0.0-40 135  Sergienko and
Srivastaval7)
We analyzed the data using two classes of models: 30 R 0.1-35 59 é\f]%%?]%glf;fz)
continuous state models and discrete state models. We define 3o G1P 0.6-80 52 Klinovand
a continuous state model as any model in which the Kurganov (8)

conformation of the enzyme is not specified. This class of  apata collected at 23 and 2€.
model could accurately describe enzyme kinetics even if the
enzyme had hundreds or thousands (or indeed an infinite
number) of functionally different conformations. Our con-
tinuous state models are generalizations of the use of binding
polynomials as models of datad). In Appendix A, we show
that a class of ratios of polynomials are continuous state
models. We define a discrete state model as any model in
which the enzyme is assumed to exist only in a few
functionally distinct conformations. A discrete state model
is thus a model of the molecular process by which an enzyme
performs catalysis. MoneeMWyman—Changeux and Ko-

fits. We justify using such a smafl value by the fact that
error estimated with a continuous state model is a minimum
error.

The best-fit parameter values (equilibrium constants for
binding affinities and state transitions) for these discrete state
models were variable when we fit a single data set. To better
estimate these values, we fit data sets from experiments run
in the direction of glycogen formation along with data from
experiments run in the direction of glycogen breakdown.
. With these more restrictive fits, we found less variation in
shland-Nemethy-Filmer models are well-known examples h ilibri tants. but Id not b titati
(20, 21). the equilibrium constants, but we could not be quantitative

) ) in determining the significance of fits because the data were

1.1. Continuous State Model&. continuous state model  qjiected in different labs under different conditions. Some
makes noa priori assumptions about the conformation of ¢ these rate and equilibrium constants are reported in the
the enzyme, as opposed to a discrete state model that assUm@gsrature, which affords us an opportunity to validate this
the enzyme exists only in a few different conformations. technique.

Continuous state models require minimal assumptions (rapid 1 3 Data SelectionFrom the large literature on the
achievement of steady state, pseudo first-order kinetics), butyinetics of GPb, we selected four data sets. For data in the

finding the correct form of the model requires the number yirection of glycogen breakdown, we considered only data
of ligand and effector binding sites on the enzyme (S€e ganerated since 1965, as data sets generated before the
Appendix A for details). If this information is not known,  introduction of the MWC model20) are often small and
then this model provides an estimate. We compared candidate;;; \marized in terms of Michaelisvienten parameters (e.g.,
models with different effector or ligand binding sites, and g gng 10). A more recent advance in the measurement of
when one candidate _model fit the data s_ignificantly better raaction rate in the direction of glycogen synthe&id) (ed

than another, we rejected the lesser fit. In the case of, more reliable data sets; therefore, we considered only data
phosphorylase b, the number and specificity of binding sites yenerated after 1994 in the direction of glycogen synthesis.
is already known, which provided a way to validate our g thermore, we chose data collected under conditions of

technique. _ _ saturating glycogen because GPb typically works under these
We also used the continuous state model to estimate erroiconditionsin vivo. As temperature effects are likely to be

in the data sets. We found a best fit with a continuous statejmportant in GPb activity, we chose data collected at two
model and calculated the deviations. We then determineddifferent temperatures, 25 and 3C. Ideally, we would
whether the distribution was significantly ¢ 0.05) different  include all of the data that matched these selection criteria.
from normal, using a univariate omnibus te22) (A normal However, different methods of protein preparation, differ-
error distribution allowed us to use a Chi Square test t0 ences in buffer concentrations, or other differences in
objectively accept or reject candidate models.) This error is experimental techniques between labs are likely to introduce
a minimum error (see Appendix A for details). This error systematic differences between data collected in different
estimate is reliable even if the data were collected in different |abs. Thus, in order for internal consistency, we chose to
labs and/or presented in ways that potentially amplify error. include data sets from a single lab for each particular
In cases in which the experimental method used to collect experimental condition. The selected data sources are shown
the data had a known error associated with it (e18), we in Table 1, and details regarding each set are given in
were able to validate this technique. Appendix C.

1.2. Discrete State Model®nce we found the continuous 1.4. Reading Data from Published Figurd§¥e read data
state model that adequately fit the data, we comparedfrom PDF images of published figures, using a program we
different candidate discrete state models to find the numberwrote in Matlab. To estimate the error associated with the
of discrete states, their activity, and the nature of their state reading process, we read one data set (Sergienko and
transitions. We used the error estimate from the continuous Srivastava’s Figure 11(7)) ten times. The standard deviation
state fits to test two-state MWC, two-state KNF, and three- at each point averaged 0.05 U/0.458 mg enzyme, irrespective
state MWC models with one or two active states (derived of the value of that point. The maximuyrwvalue on the plot
as explained in Appendix B). We used a Chi Square testwas 20 U/0.458 mg enzyme; therefore, the average error
(with significance set ap = 0.001) to determine adequate associated with reading data from the figure was 0.25% of
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Table 2: Inhibitor Fits Table 3: Error and Error Distributions for Data Sets
max. number of ligands per enzyme error ) anificaf
inhibitor data set type Oerr kurtosis skew significaft
considered AMP P ATP data set pvalue Klinov percent 2.5% 3.0 -0.59 no
Serg? percent 2.3% 3.8 0.33 no
g)ntrol i 22 '}\AAZ%SS%% =005 Madsen percent 5.5% 2.8 0.35 no
ATP 5 4 Madsen Lowry percent 5.3% 4.2 —0.56 no
control 2 2 Madsen < 0.001 aA constant error of 0.05 U/mg enzyme, from the minimum
AMP 4 2 Klinov resolution of reading the published plots, was subtracted from this error.
control 2 2 Klinov <0.001 b Thep value represents the probability that the distribution was normal

a2 The p value reported is the probability that given the error in the
modified model the control model could account for the data.

the maximumy value. Assuming that we made the same
relative error in reading the data from Lowry et dl3), we

(significance set ap = 0.05).

is at the center of each subunit. The nucleoside inhibitor site
binds purine analogues and related heterocyclic ring com-
pounds, such as adenosine, caffeine, NADH, ATP, and AMP

estimate the absolute error due to the reading process to bey high concentrations. The physiological significance of this

3 V;./v and 0.3V, /v for variable ATP and P respec-
tively. Similarly, we estimate the absolute error due to
reading data from the figures of Madsen and ShechakRy (
to be 0.05 loguvo/Vi,. — vo and of Klinov and Kurganov
(18) to be 0.00125 mM/min 62 nM protomer.

1.5. Fitting Data. We used a NelderMead simplex
method, Matlab’s fminsearch function coded in Fortran 90.
To ensure that the optimum fit found is the global optimum,

we ran numerous optimizations from initial random seeds,

site is unknown. The glycogen storage site binds glycogen
particlesin vivo (8, 24, 25).

Here, we consider only saturating concentrations of
glycogen and no phosphorylation of the Ser-14 regulatory
site. Therefore, we consider only three of the enzyme’s
binding sites: the allosteric effector site, the catalytic site,
and the nucleoside inhibitor site. Each protomer should have
two binding sites for AMP and ATP, the allosteric effector
site and the nucleoside inhibitor site. Our results agree with

reaching each local optimum multiple times, and picked the this prediction. Each protomer should have only one binding

lowest. This did not guarantee a global optimum, but it
greatly increased the probability of finding one.

2. RESULTS

2.1. Continuous State ResulWe first used continuous

site for phosphate, the catalytic site. Our results also agree
with this prediction.

We tested our method three times, twice comparing the
currently accepted model to a model with one less binding
site per protomer and once with one more binding site per

state models to provide estimates of the number of binding Protomer. In each case, our method gave a result consistent
sites for each effector, an estimate of the error distribution With the currently accepted view of the number and specific-
for each data set, and an upper bound on the number of fredty of binding sites on GPb. This finding validates our

parameters that can be determined from the data sets.
2.1.1. Number and Specifity of Binding Sitéf&e used the

method.
2.1.2. Error Size and Distribution in the Data Sethe

continuous state model to predict the number of effector error distributions estimated using the continuous state model
binding sites on the enzyme. We compared fits from models were normally distributed for three of the four data sets. The

with four ligand binding sites per enzyme to models with

Sergienko and Srivastava data set deviated from normality

two binding sites. We used the data of Madsen and due to a (small) error associated with reading data points

ShechoskyX2) with ATP and phosphate as the ligands and
the data of Klinov and Kurganovi8) with AMP as the
ligand. We found a significantly better fit with four binding
sites per enzyme for ATP and AMP (two binding sites per
protomer), while the fit with four phosphate binding sites
was not significantly different from the fit with two (see

off a plot: the data set has many points at low reaction
velocities; therefore, these small magnitude errors lead to
large percent errors. By repeatedly reading points off the
plot and calculating the standard deviation of the distributions
of these points, we found a small constant error (0.05 U/mg
enzyme), which when added, made the error distribution

Table 2). Our model therefore predicts that each protomer hormal.

has two binding sites for ATP and AMP, and only one for
phosphate.
For GPb, the number, position, and specificity of binding

The minimum error estimates are shown in Table 3. These
error estimates are consistent with the observation that a more
accurate technique for measuring reaction velocity was used

sites is largely agreed upon, thus providing a means toin the more recent experiment$7( 18) than in the older
validate our technique. Ligands may control muscle GPb at ones {2, 13), hence the roughly 2-fold decrease in error.
five main binding sites per protomer: a regulatory serine-P Klinov and Kurganov report a 3% error for their data, which
site, an allosteric effector site, a catalytic site, a nucleoside compares well with the minimum estimate (2.5%) and
inhibitor site, and a glycogen storage site. Phosphorylation validates our error estimation technique.

of the Ser-14 regulatory site brings about both tertiary and 2.1.3. Bounds on the Number of Free Parametdise
quaternary structural changes that make the phosphorylatecontinuous state model provides an upper bound to the

enzyme (GPa) an active catalyst. Binding of AMP to the
allosteric effector site is thought to bring about similar

number of free parameters for a model (see Appendix A for
details). A discrete state model with more free parameters

structural changes in the enzyme as phosphorylation, thoughthan the upper bound is indistinguishable from the continuous
through somewhat different mechanisms. ATP is also thought state model and will therefore be essentially a curve fit. This

to bind to this site, competing with AMP. The catalytic site

upper bound provides a limit on the complexity of any
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Table 4: Two and Three State Fits for Data Sets 1200 [P‘]‘(;“SM) 120 [AM?;‘:M)
dataset states type of times from ©

used inmodel model x%2 %2 randomseeds significant > 800 > 80
Klinov 2 MWC  89.3 151 4 p < 0.001 g g
Klinov 2 KNF 89.3 151 6 p < 0.001 > 400 > 40
Klinov 3 MWC  89.3 66.2 2 no 1.0
Serg. 2 MwWC 192 298 5 p < 0.001 0 - — — 10 0 5
Serg. 2 KNF 192 298 10 < 0.001 0 05 1 1.5
Serg. 3 MWC 192 117 4 P no 1/[AMP] (mM") 1/[Pi] (mM-1)
Madsen 2 MWC  98.3 308 5 p < 0.001 _ [G1P] (mM) [AMP] (mM)
Madsen 2 KNF 98.3 308 5 p < 0.001 g2 20 2135 2 20 @@ 0.300
Madsen 3 MWC 983 914 6 no g 5014 & 0,040
Lowry 2 MWC 569 48.8 4 no 210 2135 5 1° P, 0.024
Lowy 2 KNF 569 466 2 no % 10 Z 10 7 0016
Lowry 3 MWC  56.9 37.7 4 no = 7 0989 ¢

S s 0501 S 5 8 0.010

a2 is the x2 value at whichp = 0.001. Ay? below that value = s 009 o a 0.005

means an acceptable ftThe p value represents the probability that %5 % 45 4 -35 3 7 UTEET s 2

given the error estimate from the continuous state model the discrete log([AMP]) log([G1P])

state model considered could have generated the data set Ficure 1: Discrete-state fits to data collected at Z5. A two-

state model (---) and a three-state MWC mode) (vas fit to
discrete state model. The upper bound was 14 for the dataLeaCt'on velocity data for muscle GPb in the direction of glycogen

. . reakdown (top) 13) and to data in the direction of glycogen
of Lowry et al. and of Sergienko and Srivastava, and was synthesis (bottom)1(7). The plots on the left were generated at

24 for the data of Klinov and Kurganov and Madsen and constant levels of substrate and variable levels of the activator AMP,
Shechosky. The different upper bounds are due to thewnhile plots on the right had constant AMP with variable substrate.
different experimental conditions (e.g., presence of ATP or The plots in this figure are presented in the same form as originally
high AMP concentrations) that led to the data sets. published (LineweaverBurk for the top and semilog for the
. bottom). The error bars, as estimated from the continuous state
2.2. Dlscr_ete-State Re_sults. 2.2.1. GPb Is Adequately model, are comparable in size or smaller than the symbols on the
Modeled Using Three Discrete States but Not Twe plots. Note that the small size of the error bars makes the subtle
identified discrete state models that fit the constraints deviations between the two and three-state models significant.

imposed by the continuous state models, a two-state con-

certed model, a three-state concerted model, and a two-state 205

sequential model. In the following, the concerted models will [ATP] (M) g

be denoted MWC, as the assumptions behind them are those 0 v E 03

of Monod, Wyman, and Changeux, and the sequential model 32 A p [GIP] (mM)
will be denoted KNF, as the assumptions behind it are those 64 O § 01 8.0

of Koshland, Nemethy, and Filmer. For three of the four 102 * £ 19

data sets, the best-fit two-state MWC model generated a 5 > % a3 2 1
series of points that was significantly differept € 0.001) log(IAMP])

from the experimentally determined points, while the best- 1
fit three-state MWC model generated a series of points that 08
was not significantly different g > 0.001) from the 06
experimentally determined points, given the error estimate ZOM 3
from the continuous state model (see Table 4). For the Lowry ~ 1
data set, though the three-state best-fit was better than the  #
two-state fit, the two-state fit was not quite significantly -4 -35 -3 25 -2 -15
different from the experimental points. The Lowry et al. data . . log([Pi))

had the fewest points; therefore, it seems likely that with FiIGUuRe 2: Discrete-state fits to data collected at 3D. A two-

. - - state model (---) and a three-state MWC model) (was fit to
more points the difference would become significant. reaction velocity data for muscle GPb in the direction of glycogen

In order to minimize variation in the parameters of the synthesis (top) at three different levels of substrai#),(and to
model, we simultaneously fit the discrete state models to data in the direction of glycogen breakdown (bottom) at five

two data sets, one in the direction of glycogen synthesis anddifferent levels of the inhibitor ATP in the presence of 1 mM AMP
one in the direction of glycogen breakdown. The*25data, (12). The error bars, as estimated from the continuous state model

- . . (or from the 3% error reported by Klinov and Kurganov), are
consisting of Lowry et al. and Sergienko and Sr|v_astava, gavecomparable in size or smaller than the symbols on the plots. The
ay? value of 179 p = 0.18) for the three-state fit and)& same parameters were used for the fits to both data sets, though
value of 394 p < 0.001) for the two-state fit. The three- the conditions under which the data were collected were slightly
state fit appears to be a good fit to the data, while the two- different. The plots on the right are as presented in the original
state fit has some systematic deviations, being unable top/‘"\‘;’ers' Wh'f'_fe tTe plot onbthte 'teﬁ '?h'” tlhe m?;e :ad't'cmal formbOfl

: \Y; ror rate. n W m

match the curvature of the plots correctly (see Figure 1). o fmax ¥S (Iegvx?erc:)lo?g. strate. The legend shows the symbols
The 30°C data, consisting of Madsen and Shechosky, and
Klinov and Kurganov, gave g? value of 201 p < 0.001) substrate concentrations (see Figure 2). This deviation is what
for the three-state fit and @ value of 498 p < 0.001) for prompted Madsen and Shechosky to conclude that there
the two-state fit. Again, the three-state model appears to becould be phosphate inhibition. Thus, it would appear that a
a good fit, while the two-state fit has systematic deviations, third state is sufficient to explain this drop in activity and
especially in the Madsen and Shechosky data at highapparent phosphate inhibition. These results support the

o

IOg(VO / (Vmax -Vo ))
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Table 5: Three State, Discrete State Fits to Combinations offData

data SL two KM two
used SL KM SL range KM range active active
Krr 0.202 0.497 1e-40.20 7.7e-6-0.50 0.000239 0.294
Ktr 1.14e-4 3.4e-8 2.3e-5l.1e-4 1.4e-93.4e-8 1.45e-6 2.79e-6
Kraa 9.90 8.72 9.9-24 0.54-9.3 21.0 12.2
Ktaa 17.7 1.9e-6 1718 1.9e-6-4.6 17.5 0.542
Kraa 922 2.13e4 9262000 2.1e41.0e5 2.50e4 5810

Krp, 0.454 0.287 0.00020.45 1.5e-50.31 1.03 0.369
Krp 0.104 0.00172 0.160.18 0.00%0.23 0.178 0

Krp 0.473 1.34 0.470.48 1.+1.3 0.494 1.59
Kreip 0.595 0.0327 0.6623 0-26 13.7 0

Kraip 0.0 0.0106 0.6-0.056 0-0.040 0.0602 0.0514
Kraip 1.71 0.425 1.51.7 0.36-0.43 1.59 0.630
Krai 0.0337 0.026-0.54 0.0139
Krai 2.65e-6 0.6-0.54 0.550
Krai 0.0 0.0-0.0034 0.00384
Krii 0.0 0.0-25 2.11e-5
Krii 1.20 0.56-1.2 1.16
KRrii 0.0555 0.0450.072 0.0463
Ktia 2.92 0-26 3.15
KTia 1.20 0.00+1.2 1.11
Kria 1190 1206-7900 272

kr 77.2 94.1 7786 86-94 84.2 79.8
kr/ks 0.0225 0.336
ba 179 201 179-187 201-208 176 195

aSee Appendix B for the definition of parameters. Concentrations are in millimolar, and time is in setkiMis(18, 12); SL, (17, 13).
¢ Represents the range of parameters for the best local minima.

conclusion that a two-state model is inadequate for modeling continuous state model fit) and of having two inactive states
GPb, while a three-state MWC model with two inactive states (from the discrete state model fit). The model predicts that
is adequate. The more modern data sets (with smaller error)ATP activates GPb by binding to the allosteric site, as AMP
and the data sets with more points all supported the does, but with much lesser affinity. Our parameter estimates
conclusion that a three-state MWC model could have would make ATP a weak activator, useful only at low [AMP]
produced the data, while a two-state model (either MWC or (see Table 5). When it binds at the nucleoside inhibitor site,
KNF) could not. ATP would act as an inhibitor by shifting the equilibrium
To test the hypothesis that two of the three states in the from one inactive stat€l(), which is the most occupied state
model are inactive, we modified the model to allow two when AMP is bound to the allosteric site, to the other inactive
active states and thus added a new parameter to the modelstate T), a state with low affinity for AMP. Thus, the model
the ratio of the rate constants of the two active states. Theseallows for a range of control by [ATP], from weak activation
fits generated the same best-fit parameters to the combinawhen [AMP] is low to strong inhibition when [AMP] is high.
tions of data as the previous model. We also found two In addition to the balance between [AMP] and [ATP], the
additional fits, one for each temperature, which had two semi- binding of ATP to the nucleoside site also depends of,[ P
active states. For the Sergienkbowry (25 °C) fit, the according to the model’s predictions. ATP would inhibit at
activity was very small (less than 4% of the activity of the physiological concentrations when[is low, as in resting
most active state). For the Madseklinov fit (30 °C), the muscle, but not when [Pis high, as in fatigued muscle.
value ofkg was outside the range measured in experiment. 2.2.4. Testing the FitsThe lower the number of free
Additionally, the parameters of this fit (exceff) were not parameters in a discrete state model, the lower the likelihood
very different from the previously found fits (see Table 5). that a model that fits the existing data is simply a good curve-
In both cases, these fits with semi-active states were not muchfit. The continuous state model provides an upper bound to
better than the fits with inactive stateg ¢alues of 176 and  the number of free parameters. If this upper bound is
195 compared to 179 and 201 for the Z5and 30°C data, exceeded, then the discrete state model is indistinguishable
respectively) so that it seems likely that two inactive states from the continuous state model, and the parameters have
is a valid assumption. ambiguous physical meaning. Thus, the model with the
2.2.2. State Transitions Appear to Be Concerfe®iWC fewest parameters with respect to this upper bound, yet can
model is a special, simplified case of a KNF model, having still adequately fit the data, is most likely to provide insight
two fewer parameters as explained in Appendix B. For all into enzyme function. For the Lowry et al. data and the
of the data sets except for those of Lowry et al., the simplest Sergienko and Srivastava data, the maximum number of free
model that could explain the data was the three-state MWC parameters was 14. The three-state model for both data sets
model. For the data of Lowry et al., the two-state MWC required 8 parameters. For the Klinov and Kurganov data
model fit the data adequately. Therefore, the simplest modeland the Madsen and Shechosky data, the maximum number
that could fit the data had concerted state transitions. of free parameters was 24, while the three-state model
2.2.3. ATP Can Be a Weak Agtior or Strong Inhibitor required 11. In all cases, the number of free parameters was
of GPb.Our three-state model predicts that ATP can either well below the maximum.
inhibit or activate GPb by mechanisms that are consequences To further ensure that the best-fit discrete state models
of having two binding sites per protomer for ATP (from the were not simply curve-fits, we looked at some of the
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predictions of the best-fit parameters and compared them tomodel are hidden in the more complicated continuous state
previously measured values. The simplest parameter to bemodels.

tested iskg, the rate constant for the reaction of enzyme Another conclusion we may make is that GPb exists in
substrate to product in the direction of glycogen synthesis. three discrete states, two of which are inactive. We know of
Measured values dd; at 25°C range from 68.5579.9 s no three-state model with two inactive states; Kastenschmidt
(17, 26), while our best fit values ranged from 7%2 et al. (L5) propose the only other three-state model of which
86.5 s'. Measured values déz at 30°C range from 84 we are aware, but their model has two equally active states.

114 s* (16, 18, 10), while our best-fit values ranged from Crystallization studies have only identified two states, not a
85.8-94.1 s. Note that we would expect the theoretical surprising result in light of the scarcity of the actiRestate.
values to be larger than the measured values since thdtis possible that the two crystallized states are the inactive
theoretical value is the upper possible limit, and the measuredT andT' states. We could then explain why two-state models
value only approaches that limit. The reasonably good have failed to fit kinetic data (since a third state is necessary)
agreement between our model and experiment as well as thend why the catalytic mechanism for GPb has remained
consistency of our parameters suggests that we did not simplyelusive (since what is called the actiRestate in the structural

do a curve-fit to the data. literature is in fact what we call the inactivié state).
3.3. Concerted State Transitiond/e found that a three-
3. DISCUSSION state MWC model fit each data set adequately, while a two-

state KNF model was unable to fit most data sets. We
conclude that the existing evidence suggests state transitions
are concerted in GPb. This model is the simplest one that
can explain all of the data. We know, however, that a three-
tate KNF model could also explain all of the data. It is
éossible that with more exact data the three-state MWC

Glycogen phosphorylase is “one of the most carefully
studied proteins in existence27). As a result, it would seem
likely that a clear description of its actian zizo should
exist; but there is no widely accepted model that can explain
all of the data. For example, some research has suggeste

that GP can exist in_ two discrete states _With sequent_ial (N model could be rejected. Until those data exist, the simplest
GPb) or concerted (in GPa) state transitions @®eyet it model is assumed to be correct

hasl b_eeﬂ slgown rgpeai‘teig i%atsa two—st]ate _(rjnodel ﬁannot The current view of the nature of state transitions in GPb
exp a"&t ed!neUc atal@ f, G).P trucgurgBew encenas s unclear, with some evidence suggesting that state transi-
pointed to discrete-states for GPa and GBh) yet most 514 are concerted (in that when one protomer changes

curﬁent modzlshareA_tl:_(F))nSm(Jjous ?tate modék, @6). It is conformation, the other follows suit immediateldg( 29)
well accepted that inds to four sites per enzy@®,( g other evidence suggesting that the transitions are

et it is also well accepted that AMP and ATP interact 1 ; :
%lhro:ngh (class\ilz Michael?sMenten) competitive inhilbition sequential (in that hybrid states exist, where the protomers
; X are in different conformationsp4, 30, 31). Using structural
(9, 10). All of these contradictory results point to one clear evidence to infer whether state-transitions are concerted is

conclusion: GPb can behave in counterintuitive ways. Here, o o1 1ematic because the hybrid state should exist for some
we present a model that can explain all of the available data‘short time even in an enzyme that is well-modeled as having
We now discuss the four results from the model (number s rete state transitions. Thus, we really want to know

and specificity of binding sites, discrete states, Coﬂce“ed Statq) hether these hybrid states contribute significantly to the
transitions, and the action of ATP and AMP), paying careful reaction rate. A particular state’s contribution to reaction rate

attention to incorporate as much data from as many experi- .o, e measured most readily in kinetic studies rather than

ments as possible. in static structural studies. The presence of a third state may

3.1. Binding SitesThe continuous state model fits to the also have led to the lack of consensus regarding whether
data suggested that there are 2 (not 4) binding sites forthe state transitions of phosphorylase are concerted or not
phosphate, 4 (not 2) binding sites for ATP, and 4 (not 2) in that the apparent transition state (that the authors interpret
binding sites for AMP per enzyme. None of these results is as the hybrid state in the KNF model) may in fact be the
surprising, given the current view of enzyme structure. We third state.

expect that ATP and AMP bind to the nucleoside inhibitor 3 4. Action of AMP and ATRAMP and ATP can bind to
and allosteric effector sites; since there are two subunits perphoth the allosteric activator site or the nucleoside inhibitor
enzyme, this would predict 4 sites per enzyme for both. We site of each phosphorylase subunit, depending on concentra-
expect that Pbinds exclusively to the active site (at tions. This finding explains the well-known observation that
physiological concentrations), predicting 2 sites per enzyme. AMP inhibits phosphorylase at nonphysiological concentra-
Thus, the determination of binding sites supports the currenttions (above 2 mM). Activation occurs by AMP binding in
view of GPb and validates our approach. an inactive state and leading to a transition to the active state.
3.2. Discrete StatedVe were unable to fit most (3/4) of  This mechanism is consistent with the observation that AMP
the data sets with a two-state model, and we fit all of the binding does not necessarily result in a transition to the active
data sets with a three-state model. The one data set that wastate 24). AMP inhibition at high concentrations (above
fit adequately with a two-state model was the smallest and 2 mM) works by low affinity binding to the nucleoside site
one of the oldest (and thus the most uncertain). The clearesin the T' state.
conclusion is that a discrete state model can fit the available The prediction that ATP can inhibit GPb by binding to
data. Any continuous state model does not take advantagethe nucleoside inhibitor site as well as the prediction that
of the simplifications (i.e., fewer free parameters) that can ATP can activate GPb is contrary to the conventional view
be afforded by a discrete state model. Therefore, any insightsof ATP as a competitive inhibitor but may not be contrary
that can be gained from the parameters of a discrete statdo the data that led to that view. The classic kinetic evidence
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Ficure 3: Is ATP a competitive inhibitor? The left plot shows a
double reciprocal plot of velocity and AMP at 24 mM G1P in the
direction of glycogen synthesis, at 0 ATP (upward curving) and
4 mM ATP (downward curving). Both plots are clearly nonlinear,
indicating that non-MichaelisMenten kinetics occur. The right plot
shows a restricted window of the left plot with only three data
points, as used in reBand10, and two linear fits to the data. The
linear fits appear good, though it is clear from the left plot that the
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of ATP bound will favor theT state to a much larger extent.
Thus, the enzyme with ATP bound can be in a different
conformation than enzyme with AMP bound, even though
both ATP and AMP activate the enzyme. Our parameters
also predict that ATP binds more strongly to the allosteric
activator site than the nucleoside inhibitor site and that ATP
has a higher affinity for the nucleoside inhibitor site than
AMP. Both of these predictions are in agreement with
structural experiment26).

Our model that includes both activation and inhibition by
ATP would explain three otherwise puzzling observations.
First, ADP is thought to act in a manner similar to that of
ATP, competing with AMP for the allosteric activator site
(32), but recent kinetic studies of Rush and Spriet have shown
that ADP alone has aamctivating effect on GPa in the
absence of other effector85). Assuming that GPa reacts
to effectors in a manner similar to that of GPb, this
observation makes sense in light of our model. At low
concentrations in the absence of other effectors, ADP (if it
works like ATP) is a weak activator, while at higher
concentrations, the action of ADP turns inhibitory. In the
presence of AMP, ADP is inhibitory, and since most studies
on GPb are done with relatively large concentrations of AMP,
the action of both ATP and ADP appear inhibitory. Second,

graphs should be nonlinear. Thus, we argue that it is possible thatrats lacking muscle phosphorylase kinase (and thus possess-

the kinetic evidence for ATP as a purely competitive inhibitor with
AMP for the allosteric activator site may in fact
not exclude different forms of inhibition, as predicted by our
model.

for competitive inhibition by ATP is based on double
reciprocal plots of AMP and velocity, with G1P as substrate
and assumed MichaetidMenten kinetics 9, 10). However,
since GPb does not obey Michaetiglenten kinetics, simple

ing only GPb) are essentially asymptomat86)( If ATP
activation occurs, then maybe ATP activates GPb enough
for glycogenolysis to function. Third, creatine kinase (CK)
deficient rats show an increase in GPb activigy)( ATP
hydrolysis in a CK deficient muscle should cause increases
in [P] and [ADP], both of which activate GPb according to
our model.

3.5. Predictions.The model predicts that ATP at low

graphical methods of determining ligand interactions are not concentration should be a weak activator of GPb in the
so easily applicable. Our model can generate apparentlyabsence of AMP. This activity, though small, might be
linear double-reciprocal plots over the range used in the measurable using a sensitive technique, for example, that of
kinetic studies @, 10) even though, if taken over a wider Sergienko and Srivastavas3).

range including small AMP concentrations, the actual curves The model predicts three functionally distinct states of
are far from linear (see Figure 3). As further kinetic evidence GPb, though only two structures have been crystallized.
for AMP and ATP competition for the same binding site, Because it is based on kinetic and not structural data, the
some authors have pointed out that increasing AMP con- model does not suggest structural experiments. However,
centration tends to eliminate the inhibition by AT®.(Our spectroscopic techniques might reveal different conforma-
model also shows this effect. The spectroscopic work of tions under conditions favoring the different states. The

Busby and Radda (reviewed i83)) has provided further

evidence for competitive inhibition for ATP and AMP (and
also ADP). But they do not distinguish between inhibition
where ATP and AMP bind to the same site or inhibition

parameters of our model predict that under conditions of
activating AMP (1 to 2 mM) and saturating (30—50 mM)

at 25°C, about 85% of the enzyme should be in Bstate.
Under slightly lower conditions of AMP (0.75 mM) but no

where ATP binding to a separate site leads to a transition P, we predict that at 28C about 75% of the enzyme should

into a state where AMP cannot bind. Our model predicts
that ATP has almost no affinity for the nucleoside site when
the enzyme is in th@" state and that AMP has almost no
affinity for the allosteric activator site when the enzyme is
in the T state (see Table 5) and thus agrees with this
experiment.

The structural evidence for competitive inhibition is based
on crystallizing the enzyme with ATP bound and comparing
that structure to the enzyme with AMP boun83( 34).
However, this method only gives information about the
lowest energy conformation of the enzyme. According to
our parameters, even with two molecules of AMP bound,
the most common form of the enzyme will be tiestate
and not the activ® state. The enzyme with two molecules

be in theT state. Under conditions without AMP or But
saturating ATP (above 10 mM) at 2€, the enzyme should
be almost exclusivelyX 98%) in theT state.

3.6. Conclusions.We have presented a method for
modeling enzyme kinetics. We use a two-phase approach.
First, we found the best-fit continuous state model, which
in its most general form has 48 parameters (eq 8 in Appendix
A, with s= 2, r = 4, andq = 4). We used this result to
infer the following: (1) that GPb had four binding sites for
ATP and AMP with only two binding sites for;P(2) the
average error as well as the distribution of that error; and(3)
an upper bound on the number of free parameters. Since the
kinetics of GPb have been studied extensively, we were able
to compare our model results for binding site number and
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specificity as well as our error estimate to experimentally [EXLS] K--(x)[E(O)][L]i[Sj
determined values. The agreement was good, validating this p(E(x)Lﬁ) = Y )
method. Second, using the constraints imposed by the [Ecod [Ewod

continuous-state model, we found the best-fit discrete state
model: a three-state MWC model that in its most general
form has 18 parameters. (The model may be derived as
described in Appendix B.) We used this result to infer that
(1) GPb must have at least three discrete states; (2) stat
transitions are concerted; and (3) ATP and AMP can be
activators or inhibitors depending on concentration, though
ATP is a weaker activator and a more potent inhibitor. Our

three-state model is supported by kinetic data, though atof the catalyzed reaction would be the sum of the rates of

present structural studies have only |q_ent|f|ed two states. That roduction of all of the enzymeligand—substrate possibili-
our model has concerted state transitions adds support to on es:

side of a debated issue. Our interpretation of the action of =

effectors is new but consistent with previous studies. s s o
Furthermore, it can explain some puzzling observations U=LZZjk(X)Kij(X)[E(O)][L]'[S]de 3)
regarding GPb actioin vizo. More detailed discrete state 1=0 j=

models, as presented here, should be of great use in
predicting the results of experiments, creating more exact
system-level models of metabolism, and in designing new
and effective methods of treatment for disease.

where E is the total concentration of enzyme in solution.
In this equation, we have assumed that enzyméstrate
binding is in steady state. The rate density of production of
roduct from this enzymeligand—substrate combination is
v’ *(x) times this probability density, wherg]“(x) is the
rate of catalysis that would occur if all the enzyme were
E(X)LiS. Thus, if the enzyme conformation-dependent rate
constant isk(x), thenj'*{x) = jk(x)[Ewd. The overall rate

The theoretical maximum rate of catalysis would occur if
every enzyme were in the conformation with the largest
velocity, saturated with substrate.

Vinax= Maxvj™) = s{[k(X)||,_[Eqod 4)
4. APPENDIX A
_ ) . We append the superscripto this definition ofViyaxin
Ratios of polynomials are generally useful for approximat- oder to distinguish it from the maximum velocity extrapo-

ing functions (i.e., a Pddapproximation) because they can |5¢aq from kinetic data, which we designaté,. It is
sometimes fit better than polynomials with the same number usually assumed that®_ which is an approxi%%tion of
101 1 1 1 1 max
;)f ci%fggentsd Thellr fgg In ellzoyme dkmetlcs (Iz:?jtes flrom(;he enzyme velocity at large substrate and activator concentra-
t?t% g IS an deé;]}ll b (Ear: Lan (\JINES ;Ne BVeIOped  inns (typically from a LineweaverBurke plot) is equal to
y bardsiey an llds4(t), who showe natmany common Vi . however, since substrate and activator may be inhibi-
curves relating rate of product production as a function of

ligand concentration could be produced by ratios of poly- tory at large (;t/)tncentratfns ar:d ksmbﬁ%?]X may mdeted
nomials with positive coefficients. Childs and Bardsley NEeVver approaciVp,, We choose 1o keep them separate.

derived some general properties of this subclass of rational The relative rate would then be given by

polynomials and showed how velocities of some discrete ros o
state allosteric models could be developed as ratios of ‘/;(Z) Zljk(X)Kij(X))[E(O)][L]I[dex
polynomials, with the polynomial coefficients given in terms v i=0 j= 5)
of the parameters of the discrete state modég). -

P . v SIKO1_[Eq]

Here, we show that if the coefficients of these polynomials max

are chosen mdependenjtly, a continuous state model IS \We can write Ew] in terms of equilibrium constants and
assumed. The rate at which an enzyme catalyzes a reactiofe concentration of enzyme in the reference conformation
can depend on concentrations of substrate and of otheryg foliows:

ligands and on the conformational state of the enzyme.

Assuming that enzyme in different conformations and rs o
combinations of ligands may produce product at some rate, [Eod = L Z) Z Kij(x)[E(O)][L] '[S)'dx (6)
the overall rate of catalysis must be the sum of these =01=

individual rat.es, eaqh multiplied by'the p'robabilit.yoffinding Plugging this into eq 5 and simplifying results in the
the enzyme in the given conformation with the given number following equation:

of ligands bound.

Assume an enzyme hasbinding sites for ligand (not rs jk(x) .
substrate). ands binding sites for substra® The enzyme’s fo)Z Kj (X)k—[l-] [Sdx
different conformations can be measured by some vector x v == sl (X)”Lw
of arbitrary length (e.g., a vector of the bond rotations and Vi = P (7)
bond lengths of the enzyme), and an arbitrary reference max f K<-(x)[L]i[S]"dx
conformation can be assigned the vatue 0. If the reaction X ; J; !

E(0) + iL + jS = E(x)Li§ is in steady state and obeys
pseudo-first-order kinetics, then we may wri(})LiS] = This relationship generalizes easily. For two ligahdsd
Kii(X)[E(O)][L]'[S)’; then the probability densityo} at equi- M, the numerator in eq 7 would becom&y,_o i,

librium of E(X)Li§ is as follows: st:lKWij(X)(jk(X)/S||k(X)|||_m)[L]i[M]W[$jdX, and the denomi-
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nator, a form of the binding polynomiall, 43), would a three-state model. We use the standard notation of Monod
become/yy oo Yo ZJ.S:OKW“(X)[L]i[|\/|]W[S_|de_The relation- et al., where the less active (Taut) conformation of the
ships between the coefficienk,j(x) would capture coop-  enzyme is denoted by and the more active (Relaxed) By
erativity between ligand bindings in a certain enzyme (20). The rate constant for the reaction of substrate to product
conformation. For example, positive cooperativity for ligand is denoted bykr for the R state anckr for the T state, with

L in the conformation xwould be represented b(Xo) kr > Kr.

> Kui-1(Xo)- The velocity of the reaction is the concentration of all of
The most general form of the relative rate equation (eq 7) the R protomers (again using the terminology of Monod et

we will use is al. for a single monomer) bound to substrate tirkgsand

the concentration of all of th€ protomers bound to substrate

a1l S A times kr. To get activity, we divide by ., which was
ITRL w ) . . ) L
Z) Z} Zl Cwij[sl [L]'|[M] defined earlier (eq 4) aski[E]o with [E]o being the initial
v W= \I=9 = concentration of the enzyme (i.e., the total concentration of
= (8) enzyme in solution) and the number of substrate binding
Vtmax 9 i i i w sites.

Zo Z Dwii[s-| [L]'](M] In the KNF model, each protomer can exist imar R
w=0 \I=0\|=

state. Furthermore, there is an interaction energy between
like and unlike protomers. The dissociation constants that

each ligand has for each state must be specified (in a two-
state model with an activator and a substrate, this would be

four parameters), as must the ratio of the rate constants for
the two states, the interaction energy between like and unlike

protomers (three combinations, but one can be the reference
energy), and the equilibrium constant between the two states
(22). This gives a total of 4- 1 + 2 + 1 or eight parameters

to specify this simple model.

In the MWC model, however, the interaction energy
Between two unlike subunits is assumed to be large.
Therefore, state transitions are concerted in that when one

rotomer changes state, the other protomer also changes

early instantaneously. It might seem contradictory that we
assume rapid steady-state and concerted transitions. If the
state with unlike protomers has a very high free energy

where we have evaluated the integral over the enzyme
conformations, settinGuwij = /xKwij(X)(jK(X)/s| [k(X)||..)dx and

Dwij = [xKuwij(X)dx. Note thatC,; =< Dyj. We refer to
equations of this form as continuous state models.

Here, we have derived these relations using thermodynam-
ics and equilibrium constants. A similar derivation for
enzyme saturation is done in 4 using statistical mechan-
ics. It is not hard to generalize from eq 35 presented in ref
44 to the continuous state model.

Since the assumptions that led to eq 8 (steady-state, pseud
first-order kinetics) are often very closely approximated in
experiment, the continuous state model provides an error
estimate. The data are fit (in a least-squares sense) with th
proper continuous state model, and the deviation from each
point is the approximate error. Assuming that steady-state

and first-order kinetics are exactly satisfied, this will be a (comparable to the free energy barrier for turning reactant
minimum error estimate since the correct moqiel (with the into product), then rapid steady state is no longer a good
gctual error) need not be the least-squares optimum, thoughassumption because any state transition would occur on the
it should be close. same time scale as that of the total reaction. However, we
From eq 8, we can see that the number of free parameters, oo only assume that the free energy barrier is large enough
to specify the model isq+ 1)(r + 1)s+ (q + 1) + 1)(s to make theTR state have a negligible contribution to the

+ 1) — 1. This number is useful when more restricted models activity of the enzyme. Assuming precisely concerted transi-

are used to fit the data. For example, if a discrete state modeltions is a conceptual simplification. With this assumption,

(a model that assumes an enzyme spends most of its time iNye get rid of two parameters: we no longer have to specify

a few conformations) is used to fit the data and that model v, jnteraction energy between unlike subunits, and we can
has more free parameters than the appropriate continlous, ., the interaction energy between like subunits in with

state model, then the two model_s are indis.tinguishable. Thus’the energy of state transitions. Thus, we need six parameters
the number of free parameters in the continuous state modeI[0 specify this simple model
provides an upper bound to the number of free parameters For the simplest discrete state model, assuming only two

n I;noret_restgcnve mOde'S- t deal of insiaht int ligands (AMP and substrate), AMP binding only to the
quation o can give a great deal or Insight INto enNzyme e ric effector site and concerted state transitions, the

function. It can show how_many different binding sites exist following reaction building blocks can then be defined and
on the enzyme for a particular substrate or effector. It can a model assembled from them:

show whether a particular effector is an inhibitor or activator
under different situations (regardless of the action of the

inhibitor: competitive, noncompetetive, uncompetetive, etc.). T+A o TAT+ S,ﬂ TS TSE»T o)
However, it does not take advantage of the fact that a

particular enzyme may spend most of its time in a few Kra[A Krd S Ke
conformations. Thus, we cannot get much information from R+ A RAR+ S=——RSRS—~R+P

each coefficientCyjj or Dyj.

ke
5. APPENDIX B T=R (©)

Here, we consider a two-state model with activator and In these equations, eadk represents an equilibrium
substrate for simplicity, though we used both a two-state and constant. In these equations and throughout the article, each
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T or Rrepresents an individual protomérrepresents AMP, TATA
aindicates binding at the allosteric activator sieepresents |
ST

zs [S]]
substrate, an® represents product (either phosphatg ¢P AT TIAS—_|
glucose-1-phosphate (G1P) depending on direction). Later, & ]
when we consider additional binding sites and additional | B : ; PTAS
g ET s

effectors, we denote the nucleoside sitei land ATP byl.

Thus, the equilibrium constant for binding ATP to the
allosteric activator site in th€ state would bé&+,. In all of :
our models, we assumed thkf = 0 because there is
essentially zero activity for GPb in the absence of AMP. ..,

For a two-state MWC model for a dimeric enzyme with 2

active sites binding substrate and 2 activator binding sites
(the allosteric effector sites), we can assemble a kinetic model
from these reaction building blocks given two assumptions.
First, we assume that ligand concentrations change slowly
with time. Second, we assume that the reactions are in FIGURE 4: Kinetic scheme for a simple two state MWC model of

equilibrium, with the ?Xcept'of‘ Of. produc_t fo_rmat|on (in other an enzyme that binds two molecules of substrgtend activator,
WorQS, th? rate of ligand blndlng/u_nblndlng and enzyme A Each potential chemical reaction is shown by a double-headed
configuration changes are fast with respect to product arrow and a box containing an equilibrium constant. This equilib-
formation and release). rium constant represents the ratio of the concentration of the
Alternatively, instead of this equilibrium assumption, we chemical species with more ligand bound to the chemical species

S with less ligand bound (e.g.K&{g = [TTY/[TT]) or the ratio of
could assume that the system is in steady state and that th%hemical species in thR state to the chemical species in the

enzyme can only change configuration when it is free of state (e.g.Kr = [RR/[TT]). The equilibrium constants for the
ligand. With this steady-state assumption, the equilibrium unlabeled arrows (vertical, dashed) can be found from the other

constantKrs = ks"/ks~ becomes an equivalent equilibrium  equilibrium constants, for exampleRRF[TTY = KrrKrdKrs

constanKis= ks"/(ks~ + kg), and the following equations _ ) )

and kinetic diagrams are correct. [A] and [§. In fact, it can be shown that three inactive states
With the above assumptions (constant substrate/effectorcompletely span the space so that any more than three

concentrations, equilibrium), we may define a simple math- inactive states have no effept on the modgl. If we increase

ematical model from the elementary reactions listed in eq 9. the degree of the denominator polynomial, such as by

We then get the reaction scheme drawn in Figure 4, whereallowing an extra effector to bind to the enzyme or by adding

KRR

I T
1 : RSRS
Pl A PRy Al
T RRS-Y “
A |

RSRAS

L AL (LK (A i
JLIY | [TKas 15 Kullhps sras
.
:
: ;

5Kas [5]]

polynomial space is spanned. The upper bound in the number
2 22 of parameters is given by the number of free parameters in
_ 2K (14 Ky, [A)” (KedS + Kes [S) the continuous state model.
2 2
2 2
Krr(1+ KRAA [AD” (1 + Kes[S) Sergienko and Srivastava provide an excellent data set for

(10) the reaction velocity in the direction of glycogen synthesis

Note that this equation is of the form of eq 8, but the at 25°C (17). They collected data over variable AMP at six
coefficients are no longer independent, being combinationslevels of G1P and variable G1P at six levels of AMP. Their
of rate constants and equilibrium constants. The appropriatemeasurements are more accurate than previous work because
form of the model in eq 8 has 14 free parameters, the two- of a newly developed techniqug3).
state KNF model has 7, and this two-state MWC model has We used Lowry et al. 3) for the 25°C data in the
5. direction of glycogen breakdown (left to right in eq 1). These

This equation holds for a two-state MWC model with one data were not all collected under saturating levels of
substrate binding site and one allosteric AMP binding site glycogen, which posed a potential problem, since we did
per protomer. We also consider a two-state KNF model, a not wish to include the additional variable of glycogen
three-state MWC model, and ATP and AMP binding to the kinetics into our model. However, a glycogen concentration
inhibitory nucleoside site. The addition of a state or of a of 7—10 mM is approximately saturating; therefore, we were
new effector binding site changes the above model in simple able to use about half of their data for our fits, which made
predictable ways, but the equations become large andthe data set relatively small. Activity was measured at several
cumbersome and are not worth reproducing here. constant levels ofRvhile varying AMP as well as at several

It is not possible to represent all of the inactive states with constant levels of AMP while varying.RJnfortunately, the
one average state because the increasing number of fre@ariable AMP data were collected at 286, while the variable
parameters that an extra state affords removes some of thé> data were collected at 2. Thus, there were probably
constraints in the discrete state model and makes it moretemperature differences between the two experiments, and
closely approach the continuous state model. Looking at eqour best-fit parameters likely represent an average of the
10, we see that the addition of a second inactive state addgparameters for the two cases.
two new parameters in the denominator but still does not Madsen and Shechosky provide a large data set both in
completely span the space of polynomials second order inthe direction of glycogen breakdown and synthesis, collected
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at 30°C (12). This data set has the additional benefit that
the concentration of ATP is varied.

We used Klinov and Kurganov for the 3@ data in the
direction of glycogen synthesid®). The data set is large
and covers a wide range of AMP using the modern measuring
technique 23). However, it only has three different levels
of G1P. The large range of AMP leads to the unphysiological
situation where AMP inhibition must be considered. Fitting
data with AMP inhibition allows us to ensure that it does
not happen under physiological conditions. They reported a
3% error, which allowed us to validate our error-estimation
technique.
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