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Abstract

Using the program Microsoft EXCEL, a spreadsheet was developed for constrained, simultaneous analysis of multiple datasets obtained
from equilibrium binding experiments, according to an allosteric model of interaction. This approach was used to quantitate the

Ž Ž X . . Ž .interaction between the modulator heptane-1,7-bis dimethyl 3 -phthalimidopropyl ammonium bromide C r3-phth and the radioli-7
w3 x w3 xgands H N-methylscopolamine and H quinuclidinyl benzilate at cortical and atrial muscarinic receptors. The interaction between

various concentrations of the radioligands and C r3-phth, in the guinea pig atrium and in the rat cerebral cortex, could be well described7

by the allosteric model. The affinity of C r3-phth for unoccupied atrial receptors was significantly higher than for cortical receptors. The7
w3 xnegative cooperativity between H quinuclidinyl benzilate and the modulator was higher in cortex than that between the modulator and

w3 xH N-methylscopolamine. It is suggested that the described method has wide applicability because of the extensive availability of
spreadsheet programs, the analytical advantages offered by constrained, simultaneous nonlinear regression and the ability to adapt the
spreadsheet to almost any model of ligand–receptor interaction. q 1998 Elsevier Science B.V. All rights reserved.
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1. Introduction

Muscarinic acetylcholine receptors belong to the super-
family of G protein-coupled receptors, and the existence of
allosteric binding sites on these proteins has been acknowl-

Žedged for some time see Lee and El-Fakahany, 1991;
.Tucek and Proska, 1995; Christopoulos et al., 1998 . Posi-ˇ

tive cooperativity manifested in equilibrium binding exper-
iments is readily detected, as the allosteric modulator

Žcauses enhancement of radioligand binding Tucek et al.,
.1990 . However, negatively cooperative interactions may

appear indistinguishable from competitive antagonism if
Ž .the degree of negative cooperativity is high Ehlert, 1988 .

In certain instances, repeating the experiment in the pres-
ence of an increased radioligand concentration may allow
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the deviations from competitive behaviour to be more
Žreadily visualized Stockton et al., 1983; Lee and El-

.Fakahany, 1991 . Additionally, if a minimum of two sepa-
rate experiments are performed on the same tissue prepara-

Ž .tion e.g., homogenate, intact cells, etc. , each utilizing a
different fixed concentration of radioligand, then analytical
advantages may also be obtained. This is so because a
constrained, simultaneous analysis of the entire family of
datasets can give more accurate estimates of the degree of
cooperativity characterizing the interaction and the affinity
of the modulator for the unliganded receptor than experi-
ments utilizing different tissue preparations for each assay.
Unfortunately, this particular curve-fitting feature is often
missing from a number of dedicated, commercially avail-
able data analysis packages.

Ž .Recently, Bowen and Jerman 1995 described how a
readily available spreadsheet program, Microsoft Excel,
could be utilized to perform iterative, least-squares, nonlin-
ear regression analysis. A particularly appealing feature of
this package is the ability to simultaneously fit families of
related datasets, with or without constraining the parame-
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ters to be shared across the datasets, because it offers the
advantage of extracting more information from the experi-
mental data. Constraining certain parameters to be shared
by all datasets will increase the degrees of freedom and the
accuracy of the final parameter estimates, provided that the

Žunderlying model is correct De Lean et al., 1978; Ke-
.nakin, 1997 . Additionally, models with more than one

independent variable can be accommodated.
Previous experiments with the muscarinic receptor an-

Ž Ž X .tagonist, heptane-1,7-bis dimethyl 3 -phthalimidopropyl
. Ž .ammonium bromide C r3-phth , against the binding of7

w3 xthe antagonist, H quinuclidinyl benzilate in rat cortex,
yielded inhibition curves that could be adequately fitted to

Ža two-site, competitive binding model Christopoulos et
.al., 1993 . However, functional and dissociation kinetic

studies have identified the former agent as possessing
Žallosteric binding properties Mitchelson, 1975;

Christopoulos and Mitchelson, 1994; Lanzafame et al.,
.1996 . Therefore, the aim of the present study was to adapt

a simple scheme of allosteric interaction at G protein-cou-
pled receptors for constrained, simultaneous, nonlinear
regression analysis with the spreadsheet program, Mi-
crosoft EXCEL, and to use this template to quantitate the
cooperativity manifest in the interaction between C r3-7

w3 xphth and the radioligands H N-methylscopolamine and
w3 xH quinuclidinyl benzilate.

2. Materials and methods

2.1. Preparation of tissue homogenates

Ž .Hooded Wistar rats of either sex 200–300 g were
killed by decapitation and their brains rapidly removed and

Žplaced in ice-cold phosphate buffer 50 mM Na HPO ; pH2 4
.7.4 . The cortex was dissected out from the rest of the

brain, blotted, weighed and homogenized in 15 volumes of
the phosphate buffer using a Potter Elvehjem homogenizer
Ž .20 strokes . Homogenates were then centrifuged at y48C
for 10 min at 1000=g using a Sorvall RC-2B refrigerated
centrifuge and the supernatant was re-centrifuged for 2=

20 min periods at 40 000=g. The pellet from this extra
centrifugation was re-suspended in ice-cold phosphate

Ž .buffer 50 mlrg original wet weight and used for the
binding assays.

Guinea pigs, of either sex, were killed by a blow to the
head followed by exsanguination. Hearts were then placed
in ice-cold phosphate buffer. Atria were separated from
ventricles, blotted dry, minced finely, weighed, mixed with
15 volumes of buffer and homogenized in an Ultra-Turrax
set at 0.75=maximum speed for 2=30 s, with a 30 s
period of cooling on ice between homogenizations. Fol-
lowing centrifugation at y48C for 10 min at 1000=g, the
supernatant was collected and subsequently used in the
binding studies.

2.2. Radioligand binding assays

Inhibition binding studies were conducted employing a
Ž .‘multiple-curve’ Leff et al., 1990 design. Briefly, each

experiment, performed on a single tissue homogenate,
utilized a three-curve assay. For construction of each indi-
vidual curve, increasing concentrations of C r3-phth were7

incubated with homogenate and a fixed concentration of
radioligand. The fixed radioligand concentration was dif-

Ž .ferent as indicated in Section 3 for each inhibition curve.
Ž .Incubation 1 ml total volumertube was then allowed to

proceed for 1 h at 378C before termination, by vacuum
filtration. Non-specific binding was defined using atropine
Ž .10 mM . Radioactivity was determined by scintillation

Žcounting, as described previously Christopoulos and
.Mitchelson, 1994 .

2.3. Data analysis

Unless otherwise stated, a custom-written EXCEL tem-
Ž .plate see Appendix A was used to simultaneously ana-

lyze the entire family of inhibition curves, obtained from
each experiment utilizing increasing concentrations of
modulator against various fixed concentrations of radioli-

Ž .gand, according to the following equation Ehlert, 1988 :

w xY A
s 1Ž .w xK q ZY Z0 w xA qK PA ž /w xK q Z raZ

w xwhere YrY represents fractional receptor occupancy, A0
w xand Z represent the concentrations, K and K repre-A Z

sent the equilibrium dissociation constants of the radioli-
gand and allosteric modulator, respectively, and a repre-
sents the heterotropic cooperativity factor between the two
ligands. This latter value is a quantitative estimate of the
magnitude by which the binding of one ligand to its site on
the receptor alters the affinity of the other ligand, and vice
versa. Values of a-1 denote positive cooperativity,
whereas values of a)1 denote negative cooperativity
Ž . w x w xEhlert, 1988 . The values of A , Z and K wereA

entered, and K was estimated, as logarithms. MonteZ
Ž .Carlo simulations not shown indicate that a values

follow an approximate Gaussian distribution only when
converted to logarithms, therefore the latter parameter was
also converted to its logarithmic equivalent before applica-
tion of statistical testing. In each instance, the parameters

Ža and K were constrained to be shared by all curves seeZ
.Appendix A .

Data shown are the mean"S.E.M. For clarity, the
geometric mean associated with the estimates of log a is
also given in parentheses. Comparisons between means
were by Student’s t-test or One-way analysis of variance
Ž .ANOVA , as appropriate. Unless otherwise stated, values
of P-0.05 were taken as significant. Goodness-of-fit was
assessed by using Excel to plot the residuals, allowing for

2 Ža runs test to be performed, and an R coefficient of
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. Ždetermination value was also calculated see Motulsky,
.1995 , as the spreadsheet is able to generate the variance

of the datasets.

2.4. Drugs

w3 xŽ .H y -N-methyl scopolamine methyl chloride and
w3 xŽ . Ž .H y -quinuclidinyl benzilate Amersham, UK ; C r3-7

Ž Ž X .phth heptane-1,7-bis dimethyl 3 -phthalimidopropyl am-
. Ž .monium bromide IDT, Melbourne, Australia ; atropine

Ž .sulphate Sigma, St. Louis, MO, USA .

3. Results

[3 ]3.1. C r3-phth Õs. H Nymethylscopolamine7

Experiments conducted with C r3-phth against the7
w3 xbinding of the orthosteric antagonist H N-methyl-

w3 xFig. 1. Effect of C r3-phth on the equilibrium binding of H N-methyl-7
Ž . Ž . Ž . Ž .scopolamine, 0.1 nM v , 0.3 nM B and 3 nM % in A guinea pig

Ž .atria and B rat cortex. Homogenates were incubated in 50 mM phos-
phate buffer, pH 7.4, at 378C for 1 h. Normalized curves represent
constrained simultaneous fits, using a Microsoft Excel template, for the

w3 xinteraction between C r3-phth and H N-methylscopolamine.7

w3 xFig. 2. Effect of C r3-phth on the equilibrium binding of H quinuc-7
Ž . Ž . Ž .lidinyl benzilate 50 pM v , 200 pM B and 500 pM % in rat cortex.

Homogenates were incubated in 50 mM phosphate buffer, pH 7.4, at
378C for 1 h. Normalized curves represent constrained simultaneous fits,
using a Microsoft Excel template, for the interaction between C r3-phth7

w3 xand H quinuclidinyl benzilate.

scopolamine are shown in Fig. 1. In the case of the studies
conducted in guinea pig atria, three separate experiments,

w3 xeach utilizing H N-methylscopolamine concentrations of
Ž .0.1, 0.3 and 3 nM Log K sy9.52 , were performedA

and analyzed using the Excel template for negative cooper-
Ž .ativity. The Log K for C r3-phth in this tissue Fig. 1AZ 7

was y7.24"0.35 and the Log a value was 0.79"0.03
Ž .geometric mean, GM: 6.2 . Similar experiments con-

Ž .ducted using rat cortical homogenates Fig. 1B yielded a
Log K of y6.18"0.24 and a Log a value of 0.69"Z

Ž .0.02 GM: 4.9; ns3 .

[ 3 ]3.2. C r3-phth Õs. H quinuclidinyl benzilate7

Experiments were also conducted with C r3-phth7
w3 xagainst H quinuclidinyl benzilate in rat cortex. The re-

sults are shown in Fig. 2, where it may be seen that
C r3-phth displayed a progressive inability to maximally7

Žinhibit the binding of increasing concentrations 50, 200,
. w3 x Ž500 pM of H quinuclidinyl benzilate Log K sA
.y10.30 . Log K was estimated as y6.33"0.77 andZ

Ž .Log a as 1.19"0.03 GM: 15.5; ns3 .
w3 x w3 xIn both the H N-methylscopolamine and H quinuc-

lidinyl benzilate binding studies, the runs test gave values
of P)0.05, signifying that the data did not deviate signif-
icantly from the chosen model. Values for R2 ranged from
0.95 to 0.99, indicating an excellent goodness-of-fit. Thus,

w3 xthe interaction between C r3-phth and either H N-meth-7
w3 xylscopolamine or H quinuclidinyl benzilate was compati-

ble with a simple allosteric model of interaction.
A one-way ANOVA found that the estimates of Log

K for C r3-phth differed significantly between atria andZ 7
Ž .cortex P-0.05 , but the two estimates obtained in the

cortex did not. The degree of negative cooperativity with
w3 x ŽH quinuclidinyl benzilate was significantly greater P-

. w3 x0.05 than that with H N-methylscopolamine in the cor-
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tex, although the value for the interaction between C r3-7
w3 xphth and H N-methylscopolamine in the two tissues was

Ž .not P)0.05 .

4. Discussion

The allosteric ternary complex model is an example of a
non-competitive drug-receptor occupancy model. The
quantitation of allosteric phenomena in steady-state or
equilibrium binding assays depends on the ability to reli-
ably and consistently evaluate complex binding curves
with a minimum of data transformation. Nonlinear regres-
sion analysis allows for such an evaluation, and the method
presented in Appendix A to this paper demonstrates a
practical application of this approach using the popular
spreadsheet program, Microsoft Excel. The main advan-
tages offered by this program, compared to more dedicated
data analysis packages, is its ability to process large
amounts of raw data, to fit these raw data to almost any
model and to accommodate multiple independent variables
Žas found in the analysis of allosteric equilibrium binding

.data . Of particular utility to the current study is the ability
to program Excel to simultaneously analyze families of
related datasets, allowing for parameters to be shared
between the datasets.

The use of simultaneous analysis of families of concen-
Žtration–response curves was pioneered by Waud Parker

and Waud, 1971; Waud and Parker, 1971; Waud, 1975;
.Waud et al., 1978 . The advantages of this method of data

Žanalysis have been extensively explored by others De
Lean et al., 1978; Munson and Rodbard, 1980; Munson,

.1983 and applied to the study of a variety of drug–recep-
tor models. For example, constrained simultaneous analy-
ses have been conducted based on the occupation model of

Ž .agonism in both isolated tissue experiments Waud, 1975
Žand radioligand binding studies Munson and Rodbard,

.1980 , as well as analyses based on the operational model
Ž .of agonism Black and Leff, 1983; Leff et al., 1990 and

Žthe allosteric ternary complex model Lazareno and Bird-
.sall, 1995 . In each instance, however, dedicated and spe-

cialized, programmable computer packages were utilized,
and these may not be readily available to many re-
searchers. Microsoft Excel, however, is one of the world’s
most popular spreadsheet packages, and Bowen et al.
Ž .1994 have demonstrated how this program may be used
to simultaneously analyze agonist concentration-effect data
according to the operational model of Black and Leff
Ž .1983 .

Although the initial configuration of the spreadsheet
template, as outlined in Appendix A, may appear labori-
ous, it is worth noting that Excel contains an extensive
macro language that allows for a high degree of automa-
tion in data handling and processing. Also, the ‘program-
ming’ involved in spreadsheet configuration is quite

straightforward, while at the same time allowing the user
to develop a ‘feel’ for nonlinear modelingranalysis. The
merits of this type of ‘hands-on’ approach to data analysis

Ž .have been highlighted by Waud 1987 .
Unfortunately, the spreadsheet approach presented does

not allow for the generation of estimates of the standard
errors associated with each parameter after an individual
fit. However, even programs that do generate standard
errors for nonlinear models must employ linearizing as-
sumptions in the process, and these generated errors often

Ž .underestimate the true error Motulsky and Ransnas, 1987 .
Nevertheless, the lack of this feature in the spreadsheet
package implies that the choice of experimental design can
dictate the applicability of the spreadsheet approach to data
analysis. Data from single-curve experimental designs may
be analyzed, parameter estimates may be derived, the
experiment may be repeated a number of times and means
with associated standard errors may be calculated. How-
ever, this scheme cannot take inter-tissue variability into
account if different tissues are used to generate ‘control’
curves from those used to generate ‘treated’ curves. On the
other hand, a multiple-curve design allowing, at least, one
‘control’ and one ‘treated’ curve per tissue, together with
associated simultaneous data analysis, places more realistic
constraints on the values parameters may take; hence,
greater reliability in the interpretation of the biological
meaning of the final estimates. Replication of this type of
experiment allows for a more confident and realistic deter-
mination of standard error. For the purposes of the present
study, ‘control’ and ‘treated’ curves may be taken as
representing ‘low’ and ‘high’ radioligand concentrations,
respectively.

The application of a multiple-curve experimental design
to the study of the interaction between C r3-phth and7

w3 x w3 xeither H N-methylscopolamine or H quinuclidinyl ben-
zilate resulted in the determination of estimates of affinity
and cooperativity for this modulator in atrial and cortical
tissues. The data did not significantly deviate from, and
were well-described by, an allosteric model, as evidenced
by the R2 values. The errors associated with each of the
generated parameter estimates were also reasonable. It
appears, therefore, that C r3-phth exhibits a higher degree7

w3 xof negative cooperativity with H quinuclidinyl benzilate
w3 xthan with H N-methylscopolamine. This may explain

why previous studies conducted with low, fixed concentra-
tions of the former radioligand, as is common for tradi-
tional competition binding assays, may fail to differentiate
allosteric inhibition from competition at non-interacting,

Žhomo- or heterogeneous receptor populations Christopou-
.los et al., 1993 .

w3 xWith regard to the H N-methylscopolamine experi-
ments, C r3-phth displayed higher affinity for guinea pig7

atrial muscarinic receptors than for rat cerebral cortical
Žreceptors, in agreement with previous results Christopou-

.los et al., 1993; Christopoulos and Mitchelson, 1994 .
However, the degree of negative cooperativity appeared to
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be slightly higher in atria than in cortex, although the
Ž .difference was not significant P)0.05 . Atrial mus-

carinic receptors are believed to be comprised almost
Ž .exclusively of the M subtype Caulfield, 1993 , allowing2

for a relatively straightforward interpretation of the results
from the present experiments, conducted in this tissue. In
contrast, the cerebral cortex is believed to contain a hetero-
geneous mix of the muscarinic M –M receptor subtypes,1 4

represented mainly by the muscarinic M and M types1 4
Ž .Waelbroeck et al., 1990; Caulfield, 1993 . Additionally,
depending on the radioligand employed, the proportions of

Žthe various subtypes detected may vary Christopoulos et
.al., 1993 . The fact that the inhibition binding isotherms,
w3 x w3 xutilizing H N-methylscopolamine or H quinuclidinyl

benzilate, could be well-described by a simple one-recep-
tor allosteric ternary complex model and, furthermore, that
the estimates of modulator affinity did not differ signifi-
cantly between these assays suggests that the predominant
subtype contributing to the observed binding profile may
have been the muscarinic M receptor. This finding is also1

supported by preliminary studies using cloned human mus-
carinic M receptors in a recombinant expression system,1

that have also shown an almost identical binding profile
w3 xfor C r3-phth against H N-methylscopolamine under7
Žsimilar assay conditions A. Christopoulos, F. Mitchelson

.and E.E. El-Fakahany, unpublished observations .
In conclusion, the present study has outlined a method

for performing constrained, simultaneous, nonlinear re-
gression analysis using a spreadsheet program to quantitate
allosteric interactions. This approach has been applied to
the quantitation of the allosteric binding properties of
C r3-phth at atrial and cortical muscarinic receptors, re-7

sulting in the finding of a significantly higher affinity of
the modulator for the unoccupied atrial receptors, com-
pared to the cortical receptors. The negative cooperativity
factors were found to vary with the radioligand employed,

w3 xand were higher with H quinuclidinyl benzilate than with
w3 xH N-methylscopolamine.
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Appendix A. The model

The simplest model that is able to describe allosteric
interactions at G protein-coupled receptors is the ternary
complex model, that allows for the interaction between
two ligands, via topographically distinct binding sites, on

Žthe same receptor protein Stockton et al., 1983; Ehlert,
.1988 :

w x w xwhere A and Z represent the concentrations, K andA

K represent the equilibrium dissociation constants of theZ

radioligand and allosteric modulator, respectively, and a

represents the heterotropic cooperativity factor between the
Ž .two ligands. From the model, the fractional binding YrY0

Ž .of A, in the presence of Z is shown in Eq. 1 of Section
2.3. This equation describes a saturation binding isotherm
for the orthosteric ligand, A, in the presence of a fixed
concentration of modulator, Z. Binding experiments are
more commonly performed by measuring the effects of
increasing concentrations of modulator on the binding of a
fixed concentration of radiolabelled orthosteric ligand.

When attempting to fit radioligand binding isotherms
conducted under these latter conditions, the following rela-
tionships are useful:bound A in the absence of Z,

w xY A
s A1Ž .w xY A qK0 A

bound A in the presence of an ‘infinite’ concentration of
Z,

w xY A
s A2Ž .w xY A qaK0 A

midpoint location parameter,

w xaK A qKŽ .Z Aw xZ s A3Ž .w xA qaKA

Experimental binding data are most often expressed in
Žterms of percentage specific binding, or as counts or

.disintegrations per minute. Listed in Table 1 are the two
Žgroups of equations one group for negative, the other for

Ž . Ž . Ž ..positive cooperativity, based on Eqs. A1 , A2 and A3
that may be used to directly define an allosteric curve fit to
such data.

All curves are generated from a point representing the
binding of the initial, fixed concentration of radioligand in

Žthe absence of modulator ‘max’ for a negatively coopera-
.tive system, ‘min’ for a positively cooperative system .

Ž . Ž .Equations a and b in Table 1 define the level of binding
to which the curves subsequently asymptote, at ‘infinite’

Ž . Ž .concentrations of modulator. Equations c and d , defin-
ing the midpoint location parameter of the curves, may be
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Table 1
Suite of equations that may be utilized to directly fit a simple allosteric ternary complex model to experimental binding data derived from equilibrium
binding studies

Equations for negative cooperativity Equations for positive cooperativity

Ž . Ž Ž .. Ž . Ž . Ž Ž .. Ž .a mins max AqK r AqaK b maxs min AqK r AqaKA A A A
Ž . Ž Ž .. Ž . Ž . Ž Ž .. Ž .c Z s aK AqK r AqaK d Z s aK AqK r AqaKmid Z A A mid Z A A

ŽLog ZyL o g Z . Ž L o g Z yL o g Z .mid midŽ . Ž . Ž . Ž . Ž . Ž .e Ysminq maxymin r 1q10 f Ysminq maxymin r 1q10
Ž . Ž .a)1 a-1

Ž . Ž .shown to be identical. The final two equations, e and f ,
allow the model to be fitted as a four-parameter logistic
function. This function has found widespread application
in pharmacological analysis because it is mathematically
simple, manageable, robust and allows for sigmoid concen-
tration-effectrconcentration-binding curves which are of-

Žten found in biological systems Waud and Parker, 1971;
.Waud, 1975; De Lean et al., 1978; Black and Leff, 1983 .

A.1. Entering data

Microsoft Excel can handle any equation of the form
Ž . Žys f x , containing up to 200 parameters Bowen and

.Jerman, 1995 . Thus, data must be tabulated in terms of y,
the dependent variable, and x, the independent variable.
The equations to be used in the present analysis are those
listed in Table 1. However, before entering the relevant
equations into the appropriate cells of the spreadsheet, it is
prudent to re-cast some of the parameters as logarithms.

This is necessary because many biological parameters,
including dissociation constants, have been shown to fol-
low a log–normal, rather than a normal, distribution
ŽFleming et al., 1972; De Lean et al., 1982; Hancock et al.,

. w x1988; Hulme and Birdsall, 1992 . Thus, Z , K and KA Z

would need to be re-cast as 10logw Z x, 10Log KA and 10Log K Z ,
respectively. The cooperativity factor, a , may also be
reparameterized as 10Log a, but in the present study, this
transformation of a values has been performed after the
estimation of the parameter via the curve-fitting procedure.
In any instance, standard statistical analyses, which assume
a normal distribution for parameters, should only be em-
ployed when the appropriate parameter transformations
have been undertaken.

Fig. 3 is a spreadsheet template that has been con-
structed to simultaneously analyze a family of two sepa-
rate, simulated datasets. The datasets are based on a nega-
tively cooperative model with a Log K of y7 and an aZ

of 10. Random ‘noise’ was also added to the datasets, thus
simulating experimental error.

Fig. 3. Spreadsheet template for the simultaneous analysis of a family of two equilibrium binding datasets according to an allosteric ternary complex
model. Data and parameter estimates shown are those before minimization. Note the values for Log K , a and Total SSqr.Z
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For each dataset, four columns need to be set aside on
the spreadsheet. This example will concentrate on dataset 1
of Fig. 3, as the steps are similar for the other dataset. The

w xfirst column is headed ‘Log Z ’ and contains the values of
the various concentrations of allosteric modulator, Z, en-
tered as logarithms. This column, thus, contains the inde-

Ž .pendent variable. The second column, ‘Y Obs. ’ contains
the dependent variable, i.e., the experimental observations,
expressed in terms of percentage specific binding. The

Ž .third column, ‘Y Pred. ’, contains the formula for the
general logistic function which calculates the predicted
binding, based on the model and the initial parameter

Ž .estimates see below . The fourth column, ‘Sqr. Diff.’,
contains the formula for calculating the square of the
differences between each pair of observedrpredicted val-
ues.

In addition, each dataset requires a number of other
cells to be defined that contain the parameters utilized in
the regression procedure. In Fig. 3, for example, cell E11

Ž .contains the formula for ‘Logmid1’, based on equation c ,
cell E12 contains the formula for calculating ‘SS1’, the
sum of the square of the differences listed above in column
E, while cell E13 contains the formula defining ‘min1’,

Ž .based on equation a . Cell E14 contains ‘logA1’, the
value of the logarithm of the fixed concentration of radioli-
gand that was employed in the experiment.

The final set of cells that need to be set aside are those
that contain parameter values to be shared by both datasets.
Cell E17 contains the value for ‘max’, the starting point of

Ž .the curves in the absence of modulator , set as 100%
specific binding. Note that if counts- or disintegrationsrmin
are employed, instead of specific binding, then ‘max’
cannot be a shared parameter, but must be specified for

Ž .each dataset e.g., ‘max1’, ‘max2’ . Cell E18 contains
‘LogKA’, the logarithm of the radioligand dissociation
constant, which is determined separately and fixed in this
analysis. Cells E19 and E20 contain ‘LogKZ’, the loga-
rithm of the dissociation constant of the modulator, and
‘a ’, the cooperativity factor, respectively. These are ini-
tially entered as approximate estimates and are improved
by the iterative minimization algorithm. Finally, cell D23,
‘Total SSqr’, contains the formula for calculating the total
sum-of-squares from both datasets. This is the target cell
whose value the minimization algorithm attempts to re-
duce.

A.2. Entering formulae and parameter estimates

All formulae entered into cells of the EXCEL program
begin with an ‘s ’ sign and need to be written in a linear
form as follows:

Ž . ŽŽØ logistic function begin in cell D3 :smin1q maxy
. Ž Ž ....min1 r 1q 10 L̂og Z1yLogmid1 this formula is

copied through to cell D9

Ž . Ž .2Ø square-difference begin in cell E3 :s C3yD3

this is repeated for each corresponding CrD cell pair,
down column E. If different forms of data weighting

Fig. 4. Spreadsheet template for the simultaneous analysis of a family of two equilibrium binding datasets according to an allosteric ternary complex
model. Data and parameter estimates shown are those after minimization. Note the final values for Log K , a and Total SSqr.Z
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are required, then the formula in this column may be
Ž .modified accordingly see Bowen and Jerman, 1995 .

Ž .Ø midpoint location parameter cell E11 :
ŽŽ Ž . ŽŽ .sLog10 a) 10 L̂og KZ ) 10 L̂og A1

Ž ... ŽŽq 10 L̂og KA r 10 L̂og A1q
Ž Ž .....a) 10 L̂og KA

Ž . Ž .Ø sum-of-squares for dataset cell E12 : sÝ E3:E9

Ž .Ø curve minimum asymptote cell E13 :
Ž ŽŽ . Ž ...s max) 10 L̂og A1 q 10 L̂og KA
ŽŽ . Ž Ž ...r 10 L̂og A1 q a) 10 L̂og KA

Ž .Ø total sum-of-squares, both datasets cell D23 :

sSS1qSS2

Ž .Fixed values LogA1, LogKA, max and initial esti-
Ž .mates LogKZ, a are entered in the appropriate cells.

A.3. Defining names

For Excel to recognize names assigned to data columns,
cells containing formulae, parameter values and parameter
estimates, the ‘Insert™Names’ command, found as a
pull-down menu bar item, must be used to define them.

Thus, the entire data array from B3:B9 is highlighted
and defined as ‘LogZ1’. This is preferable to ‘LogZ’
because each dataset may contain a different range of
modulator concentrations.

The remaining cells of interest are similarly defined by
selecting the cell containing the desired value or formula,
choosing the ‘Insert™Names’ command, and entering the
appropriate definition. In Fig. 3, the definitions entered
were the same as those on the labels adjacent to each cell,

Ž .except for the total sum-of-squares cell D23 , which was
Ž . Ž .defined as ‘TotalSSqr’. Note, the ‘Y Obs. ’, ‘Y Pred. ’

and ‘Sqr. Diff.’ columns require no definition.

A.4. Minimization using the solÕer function

The Solver function of Excel is a powerful tool that is
Žable to find the optimum value for a particular cell the

.‘Target Cell’ by adjusting the values of several, selected
Ž .cells containing the ‘Decision Variables’ in an iterative

manner. The Solver actually uses two minimization algo-
rithms. One is a simplex algorithm, used for linear prob-
lems, while the other is a generalized reduced-gradient
algorithm, used for nonlinear problems.

The Solver command is an EXCEL add-in that may be
found in the ‘Tools’ pull-down menu. Opening the Solver
function will bring up a dialog box that requests the Solver

Žparameters. The cell to be minimized i.e., TotalSSqr;
.D23 is entered in the ‘Set Cell’ box and the ‘Min’ option

is selected at the ‘Equal to: ’ prompt; specifying that the

desired optimization procedure is a minimization. The
names of the cells containing the decision variables
Ž .LogKZ, a are entered in the ‘By Changing Cells:’ box.
Solver even allows for some constraints to be placed on
the upper andror lower bounds of values that a parameter
is allowed to take. Selecting the ‘Solve’ button then starts
the optimization process. Once the fit has converged to a
minimum, the program allows the user to save the values
and, if desired, generate reports on various aspects of the
minimization procedure.

Fig. 4 shows the same spreadsheet template as in Fig. 3,
but after the minimization process. Note the final estimates
of Log K , y7.04, and a , 9.69. The values in the ‘YZ
Ž .Pred. ’ columns now define the final, generated curves for
each experimental dataset, based on the best common fit to
the model. Excel can readily use these values to generate
graphs of the data.
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