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ABSTRACT: Phenolic ligands,e.g.,phenol andm-cresol, bind to 2Zn(II)-insulin hexamers and induce a
conformational change at the N-terminus of the B-chain for each monomer. The binding of these phenolic
ligands to 2Zn(II)-insulin hexamers has been studied by isothermal titrating calorimetry (ITC). The
binding isotherms were modeled and thermodynamic parameters were quantified using a novel, flexible
algorithm that permitted the development of a hierarchical series of physical models. With the insulin
hexamer represented as a dimer of trimers, the modeling demonstrated that ligand binding is highly
cooperative in nature, both intra- and inter-trimer. The isotropic inter-trimer cooperativity was dominant
and negative in every system studied, with initial binding constants typically an order of magnitude greater
for the binding of ligands to the first trimer relative to the second. The inter-trimer cooperativity estimated
from the modeling of solution calorimetry data is consistent with a T6 T T3R3 T R6 equilibrium first
proposed from crystallographic investigations. Intra-trimer cooperativity was present only in the enthalpy
coefficient space, not in the equilibrium coefficient space, and therefore, less of a factor. The order of
binding affinity for the ligands studied is resorcinol. phenolg m-cresol as determined from their overall
free energies of binding to the 2Zn(II)-insulin hexamer (-26.6,-23.4, and-23.4 kcal/mol, respectively)
and their intrinsic binding constants (8780, 5040, and 3370 L/mol, respectively) at 14°C. The temperature
dependence of phenol binding to 2Zn(II)-insulin hexamer was modeled. Increasing temperature decreased
the magnitude of both the intrinsic binding constant and the inter-trimer cooperativity. The second phase
of the ITC binding profile was also found to be highly temperature dependent. At lower temperatures the
second phase is endothermic but gradually decreases with increasing temperature and subsequently becomes
exothermic. This effect is attributed to loss of water from the hydration shell of the insulin hexamer with
increasing temperature and consequently reduces the entropic contributions to the TT R transition in the
phenol/2Zn(II)-insulin hexamer system.

Insulin is a two-chained molecule consisting of a 21 amino
acid A-chain and a 30 amino acid B-chain linked by two
disulfide bonds (Baker et al., 1988). In zinc-free solutions,
insulin monomers self-associate to form dimers and higher
aggregate species (Pekar & Frank, 1972). However, in the
presence of various divalent metal ions (at 0.3 mol/
monomer), insulin associates into a discrete hexameric
structure (Goldman & Carpenter, 1974).
Commercial insulin preparations contain phenolic excipi-

ents (e.g., phenol,m-cresol, and methylparaben) as antimi-
crobial agents. These phenolic species also bind to specific
sites on 2Zn-insulin hexamers,1 In6Zn2, causing a confor-
mational change that increases the chemical stability of

insulin in commercial preparations (Brange & Langkjær,
1992). X-ray crystallographic data have identified the
location of six binding sites on the insulin hexamer and the
nature of the conformational change that the binding of these
phenolic ligands induces (Derewenda et al., 1989). The
phenolic ligands are stabilized in a binding pocket between
adjacent monomers by hydrogen bonds with the carbonyl
oxygen of A6Cys and the amide proton ofA11Cys and
numerous van der Waals contacts. The binding of these
ligands stabilizes a conformational change that occurs at the
N-terminus of the B-chain in each insulin monomer, shifting
the conformational equilibrium of residues B1 to B8 from
an extended structure (T-state) to anR-helical structure (R-
state), referred to as a TT R transition.

Spectroscopic (Wollmer et al., 1987) and crystallographic
(Baker et al., 1988; Derewenda et al., 1989; Smith & Ciszak,
1994) data on ligand-bound, 2Zn-insulin and/or 2Co-
insulin hexamers have identified three distinct hexameric
species: T6, T3R3, and R6, where T3R3 is an intermediate
structure with the ligated insulin molecules of one trimer in
a R-state conformation and the unligated insulin molecules
in the other trimer in a T-state conformation. The metal
coordination state in the T3 trimer is octahedral, with three
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1 Abbreviations: ITC, isothermal titration calorimetry; LFSE, ligand

field stabilization energy; CD, circular dichroism spectroscopy; MWCO,
molecular weight cutoff; SSE, sum of squared error; T and R are used
to designate the extended andR-helical conformations (respectively)
of residues B1-B8 of the insulin monomer; 2Zn(II)-insulin hexamer
and In6Zn2 may represent any conformation of the insulin hexamer.
T6, T3R3, and R6 are used to designate the three crystallographically
identified conformations of the insulin hexamer.
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nitrogen atoms from the symmetry related HisB10 residues
coordinating the metal atom. Water molecules complete the
coordination sphere. In a R3 trimer, the complex is pseudo-
tetrahedral with the same three insulin ligands as in the
T-state, plus a monovalent anion. Thus, it has been proposed
that the insulin hexamer behaves as a dimer of trimers,
and the binding process is represented by the following:
T6 T T3R3 T R6 (Brader & Dunn, 1991).
Solution studies on 2Zn- and/or 2Co-insulin have

qualitatively identified the presence of positive and negative
homotropic cooperativity during the binding of these ligands
(Brader & Dunn, 1991; Kru¨ger et al., 1990; Roy et al., 1989).
In 2Co-insulin hexamers, the intra-trimer ligand binding is
thought to be modulated by positive cooperativity and the
inter-trimer ligand binding modulated by negative cooper-
ativity (Krüger et al., 1990). However, no positive intra-
trimer cooperativity was observed in 2Zn-insulin hexamers
using CD spectroscopy (Kru¨ger et al., 1990).
Recently, two attempts have been made at modeling the

T T R transition in insulin hexamers (Bloom et al., 1995,
Jacoby et al., 1993). One group used a three-parameter
model to reproduce binding curves generated by CD
spectroscopy (Jacoby et al., 1993). The authors treated the
T6 T T3R3 and T6 T R6 equilibria separately, fitting each
region of the binding curve to linearized third order
polynomial equations. Each polynomial was a function of
an intrinsic binding constant, equilibrium constants for the
T6 T T3R3 and T6 T R6 equilibria, free ligand concentration,
and a factor related to ellipticity differences between the T3R3

intermediate and R6 states to the T6 state. The authors
assumed that the free ligand concentration was equal to that
of total ligand concentration. An alternate approach modeled
binding curves measured by monitoring changes in the
absorbance of Co+2 as it changed its coordination state from
octahedral to tetrahedral with the addition of phenolic
ligands2 (Bloom et al., 1995). The change in metal ion
coordination parallels the TT R conformational change in
insulin. The four parameters extracted from the model
yielded quantitative information for the T6 T T3R3 and
T6 T R6 equilibrium constants as well as relative binding
affinities to each trimer for the specific ligand. Again, the
authors assumed that free ligand concentration was
equal to the total ligand concentration. Possible concerns
with these models are the lack of accounting for intra-
trimer cooperativity, and the restrictions of inter-trimer
cooperativity to be completely isotropic in nature.
A more serious concern in both models is the assumption
that [ligand]free ) [ligand]total. For a ligand such as phenol,
with a relatively moderate affinity for the insulin hexamer,
at least 15% of the total ligand present in solution is bound
to the hexamer at saturation. At the early stages of the
titration, the percent phenol bound will be even higher
because the first trimer displays a much greater affinity for
phenolic ligands relative to the second trimer, and the number
of available sites is at its greatest.
Microcalorimetry provides some distinct advantages over

spectroscopic methods, such as CD, for measuring the

binding of various ligands to proteins, and in particular the
binding of phenolic ligands to the insulin hexamer. There
are no optical restrictions on the metal ion used, and
interference from the intense absorption of phenolic chro-
mophores is not an issue as it is with CD. The high
sensitivity of the method to changes in heat induced by the
binding of ligands allows for greater sampling densities
within a binding curve. Higher sampling densities are
necessary for the complex modeling process used in this
paper, especially in regions of the binding curve where
significant changes in slope occur.
To estimate the various individual heats of binding, we

constructed a physical model that represents all possible
species formed by the binding of phenolic ligands to the
insulin hexamer. In the following treatment, observations
in the literature are used to condition the parametrization of
the physical model,i.e., there is a focus on representing the
transition as the allosteric behavior of a dimer of trimers.
The qualitative and quantitative nature of this cooperative
binding process (positive, negative, symmetric, isotropic,
anisotropic, etc.) will then be revealed by a systematic search
through a hierarchical series of models and subsequent
location of an “optimal” model and its resultant set of
parameters. This approach is able to obtain quantitative
information from a complex set of binding curves created
by a system with multiple interdependent binding sites. The
hierarchical nature of the modeling is the key to extracting
subtleties such as cooperativity and allows for the direct
comparison of parameters obtained from fitting different
systems, regardless of the dimensionality of the model used.
Due to the wealth of structural information available,

hexameric insulin provides an excellent system in which to
test our approach. The complexity created by the large
conformational change upon binding of phenolic ligands, its
cooperative nature, and multiple binding sites is a unique
challenge. With the successful treatment of the phenolic
ligand/insulin hexamer binding system, the model may then
be applied to other protein-binding systems where less
structural information is known.

MATERIALS AND METHODS

Biosynthetic human zinc-insulin crystals (BHI), distilled
m-cresol (99%), and liquefied distilled phenol (89%) were
obtained through Eli Lilly and Co. (Indianapolis, IN) and
were of the highest pharmaceutical grade. Molecular biology
grade Tris buffer, resorcinol (99%), sodium chloride (99%),
and zinc(II) chloride (98%) were used as purchased. All
solutions were prepared with water obtained from the Milli-Q
Plus water purification system (Millipore Co., Bedford, MA).
Trace metal analysis revealed the presence of 17 metals at
concentrations of<0.1-0.001 ppm. Sodium concentrations
were<1.0 ppm.
Isothermal Titration Calorimetry. Human zinc-insulin

crystals were dissolved in water to yield approximately
10 mL of stock solution at 35-40 mg of BHI/mL and
subsequently adjusted to pH 7.8 with a dilute NaOH solution.
The solution was dialyzed (Spectra/Por*7 regenerated cel-
lulose dialysis membrane; nominal MWCO 2000) against
4 L of ultrapure water for 5-6 h. Insulin concentrations
were determined from its absorption at 276 nm,ε276) 6100
M-1 cm-1 (Frank & Veros, 1968). An aliquot of the insulin
buffer was diluted with water; then aliquots of Tris chloride

2 Cobalt(II) was used because zinc(II) does not absorb UV-visible
radiation. Cobalt(II) also has a preference for an octahedral coordination
state relative to tetrahedral, which is thought to modulate the degree
of intra-trimer cooperativity (Kru¨ger et al., 1990). Therefore, studies
with Co(II)-insulin complexes are not directly transferable to phar-
maceutically relevant formulations.
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(final concentration 25 mM) and Zn2+ were added such that
the metal/insulin mole ratio was 0.33. The anion, Cl-, was
added as NaCl to insulin and phenolic ligand solutions prior
to the titration to maintain a constant level at 50 mM. The
pH was adjusted to 8.0 using dilute base and stirred for one
half-hour. The solution was filtered through a 0.22-µm
(Whatman Anotop 10+) filter prior to filling the calorimeter.
Stock solutions of phenolic ligand between 10 and

250 mM were prepared by dissolving the material in Milli-Q
H2O. Tris chloride buffer and NaCl were added such that
their concentrations and the solution pH matched that of the
insulin sample solution (25 and 50 mM, respectively; pH)
8.0). Two different calorimeters were used, but only one
for any given data set, as defined by the preservative and
temperature conditions. The solution was drawn into a 100-
µL or 250-µL injection/stirrer syringe without entrapping air
bubbles and inserted into the MicroCal Omega or MCS
Reaction Cell (Northampton, MA).
The MicroCal Omega or the MCS Reaction Cell was

equilibrated and calibrated at the desired temperature. Six
titrations were conducted at three insulin concentrations,
generating a total of 18 binding curves. The titration protocol
for half of the experiments consisted of 50 injections of
variable size (1-15 µL) at 5-min intervals (long curves).
The smaller injection sizes allowed for higher sampling
density in regions of greatest heat change. To further
increase the sampling density at the critical, initial stage of
the binding curve, the other half of the experiments were
performed with fewer injections (21) and with the phenolic
ligand solution at one-tenth the concentration (short curves).
The last 5-6 injections of the short curves overlapped (with
respect to ligand concentration) the first few injections of
the long curves. Short and long curves were then linked
into one profile. A filter time of 2 s was used for each data
point recorded by the calorimeter. Because the MicroCal
Omega/MCS calorimeter uses a constant volume cell (1.25
mL for the Omega calorimeter and 1.30 mL for the MCS
calorimeter), each injection of ligand solution displaces an
equal volume of sample out of the cell. This displacement
offsets the macromolecule concentration, ligand concentra-
tion, and the measured heat. The contribution of the
displaced volume to the measured heat will depend on the
mixing time and kinetics of the reaction. Estimated correc-
tions for these heats were, in all cases, negligible (typically
<0.1%, compared to a standard experimental error of
approximately 5-10%). The resulting data, obtained as heat
per injection, are integrated to yield the binding isotherm of
total heat versus ligand concentration. The manufacturer’s
software corrects the concentration of ligand and macro-
molecule for displaced volume and outputs the corrected data
in a spreadsheet (MicroCal, 1993). The corrected ligand
concentrations along with the heat per mole of injectant were
used in the fitting procedure to estimate thermodynamic
parameters of ligand binding. The macromolecule concen-
tration was held constant at its initial value during this fitting
routine to ensure proper limiting behavior in the integral
curves (described later). As a check, the fitting procedure
for parameter estimation was also run with the macromol-
ecule concentration held constant at its final value after
saturation (e10% of initial). The resulting fits for the two
values of macromolecule concentrations (initial and final)
yielded identical equilibrium coefficients while enthalpic
parameters varied by less than 5%. Therefore, constraining

the variation occurring in macromolecule concentration did
not have a significant effect on the parameter estimations.
Heats of dilution were obtained by fitting the last 10-15
injections past saturation in the binding isotherm to a straight
line. The estimated heats of dilution (equation for the straight
line) were subtracted from the raw data. Heats of dilution
were measured for the short curves by titrating the same
ligand solution into buffer. In all cases, heats of dilution
for the short curves were found to be negligible. The
excellent overlap achieved (with respect to heat per mole of
injectant) between the beginning of the long curves and end
of the short curves justifies the method used for subtracting
heats of dilution from the long curves.

Hierarchical Modeling. The insulin hexamer is configured
as an association of two trimers, with a twofold rotational
axis of symmetry between trimers, and a threefold longitu-
dinal rotational axis of symmetry bisecting the twofold axis
(Baker et al., 1988). As shown in Figure 1, there are nine
possible states for such a configuration with up to six ligands
bound. The calorimetrically determined heat of binding,∆Q,
is calculated from the product of an average enthalpy change
due to each species,∆H, the individual equilibrium binding
coefficients,K, the insulin monomeric concentration, [Ins]tot,
and the reaction volume,V0 (eq 1). The subscripts onK
and∆H, in eqs 1 and 2, correspond to the individual species
identified in Figure 1. The enthalpy change associated with
the binding of each ligand represents the simultaneous sums
of all possible ligated species present in solution. There is
no preference given to a specific binding pathway through
the various species represented in the equilibria. The
resulting parameters obtained from the best fit to the data
will yield information on intrinsic and cooperative processes
involved in the transition and will therefore highlight a
preferred path. The equations below are similar to those
used by Scho¨n and Freire in their treatment of the binding
of cholera toxin to the oligiosaccharide portion of its cell
surface receptor, ganglioside GM1 (Schön & Freire, 1989).

Equation 1 defines the heat of binding,∆Q, as a function of
the free ligand concentration, [L]. However, only the total
concentration of ligand in the solution is known experimen-
tally, and therefore, a second equation must be used to define
the relationship between free bound, and total ligand
concentrations. This relationship is given as follows:

∆Q) Vo([Ins]tot/6)[{∆H10K10[L] +

(∆H20K20K10 + ∆H11K11K10)[L]
2 +

(∆H30K30K20K10 + ∆H21K21K20K10)[L]
3 +

(∆H31K31K30K20K10 + ∆H22K22K21K20K10)[L]
4 +

(∆H32K32K31K30K20K10)[L]
5 +

(∆H33K33K32K31K30K20K10)[L]
6}/

{1+ K10[L] + (K20K10 + K11K10)[L]
2 + (K30K20K10 +

K21K20K10)[L]
3 + (K31K30K20K10 + K22K21K20K10)[L]

4 +

(K32K31K30K20K10)[L]
5 + (K33K32K31K30K20K10)[L]

6}}
(1)
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The computation of the free ligand concentration makes
this problem intractable by traditional least-squares or
gradient descent-type curve-fitting techniques. The intrac-
table nature of the problem is realized when it becomes
necessary to solve an implicit variational function that
describes the free ligand concentration for each experimental
curve relating heat measured to total ligand concentration,
while simultaneously attempting to adjust the various equi-
librium constants and heats of binding for the best fit to the
experimental data.
We have developed a novel, flexible algorithm to solve

this irregular problem of optimizing multidimensional non-
linear parametrization with a variational implicit function
solution. This is done through a 3-step iterative process.
First, the free ligand concentration curves are estimated with
a polynomial extrapolation that includes the dynamic adjust-
ment of the optimization interval necessary to guarantee
continuity in the resulting curves. Second, the enthalpies
of binding are then estimated by a least-squares fit to the
observed data. Finally, a global stochastic optimization
program, which permits various constraints to be applied to
the search space, is used for the nonlinear fit of equilibrium
coefficients. The implicit function of free ligand concentra-
tion as a function of total ligand and total insulin concentra-
tions must be solved to determine the nonlinear fit parameters
describing equilibrium coefficients, heats of binding, and
cooperativity. The algorithm permits dynamic adjustment
of weighting functions so it can focus on resolving regions
of poor convergence. The complete details of this algorithm
and the mathematical methods are described in a forthcoming
paper (Varshavsky et al., 1996).
The general equations for the 2Zn-insulin hexamer ligand

binding system have nine equilibrium coefficients and nine
heats of binding. A hierarchy of physical models can be
defined that permits a progressive simplification of the
underlying physical processes as the dimensionality is
reduced. Either derivatives (plot of heat per injection vs total
ligand concentration; corrected for heats of dilution and
variable injection volumes), their corresponding integrals,
or any weighted combination of the two can be used in the
fitting algorithm. As an example, a possible total of 18
curves (three replicates at three different insulin concentra-
tions producing nine derivatives and nine integrals) can be
fit simultaneously in order to calculate the parameters that
best reproduce the data. For arguments cited in Appendix
A, we have chosen to present the optimized parameters
resulting from the fits to integral data only.
An initial simplification assumes that the ligand binding

cooperativity, if any, existing between the two insulin trimers

is independent of the cooperativity that might exist within
each trimer. Technically, this is an assumption regarding
linearity of superposition of binding between intra-trimer and
inter-trimer sites. This assumption allows the resulting six
degrees of freedom to be defined as one equilibrium
coefficient, which defines the intrinsic equilibrium in the
absence of cooperativity, and five correction factors that
account for the various possible cooperativities (Table 1).
A similar transformation is made involving the heats of
binding. These intrinsic and cooperative factors are
then used to map the original parameters in eqs 1 and 2
(Table 2).
As a consequence of this redefinition, a hierarchy of

physical models can be defined (Table 3a). A much larger
set of models can be constructed by the partial reduction of
a model in either the equilibrium or enthalpy coeffi-
cient space (e.g., reductions about Model 5 are shown in
Table 3b). The approach is to begin fitting the data with
the highest dimensional model (Model 6), then continue with
models of lower dimensionality by exploring reductions made
in the equilibrium and enthalpy coefficient space. With this
approach, a model can be identified that provides as good a
fit to the data as higher dimensional models; however, any
further reductions in the parameter space significantly
increase the error in the calculated ITC profile as identified
by an increase in the sum of squares error. We then use the
parameters from this minimum dimensional model to inter-
pret our data.
Three constraints were used to help restrict the space in

this high dimensionality problem. First, multiple data sets
at three different macromolecule concentrations (three con-
centrations× three runs) were analyzed simultaneously. This
permits the parameter estimation to account for the quality
of the fit as the initial macromolecule concentration varies,
i.e., 0.6, 2.0, and 5.0 mM monomeric insulin, which impacts
both eqs 1 and 2. Second, at saturation, the amount of
phenolic ligand bound must equal the macromolecule
concentration. Therefore, the amount of bound ligand
divided by the amount of insulin monomer present in solution
(hereafter referred to asγ) should approach unity as the
reaction proceeds to saturation. Third, the flat asymptotic

[L] tot )

[L] + ([Ins]tot/6){{K10[L] + 2(K20K10 + K11K10)[L]
2 +

3(K30K20K10 + K21K20K10)[L]
3 + 4(K31K30K20K10 +

K22K21K20K10)[L]
4 + 5(K32K31K30K20K10)[L]

5 +

6(K33K32K31K30K20K10)[L]
6}/{1+ K10[L] + (K20K10 +

K11K10)[L]
2 + (K30K20K10 + K21K20K10)[L]

3 +

(K31K30K20K10 + K22K21K20K10)[L]
4 +

(K32K31K30K20K10)[L]
5 + (K33K32K31K30K20K10)[L]

6}}
(2)

FIGURE 1: Schematic representation of the equilibrium binding
processes in the 2Zn-insulin system. The insulin hexamer is
depicted as a dimer of trimers. Unligated and ligated insulin
molecules are represented by empty and filled circles, respectively.
Inter-trimer binding occurs across any row and intra-trimer binding
down any column. Subscripts on equilibrium constants, K, refer to
the number of ligated insulin molecules within a specific trimer.
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behavior of the integrals at saturation was used to estimate
the overall heat of the reaction at saturation (∆H33 ) ∆Hnet).
From eq 1, it can be seen that, in order to ensure proper
limiting behavior in the integrals, the macromolecule con-
centration should be held constant. Constraints on the model
by γ and ∆Hnet were very powerful in restricting the
equilibrium and enthalpy coefficient space, respectively.
The estimation of thermodynamic parameters in the model

was done by minimizing (optimizing) a residual function
fitting the model to experimental data with the three-step
process described earlier. The integral data are used in
determining the sensitivity of the estimates. Sensitivity
analysis was used to help estimate the local curvature
(constraint) of the residual function associated with each
parameter in a given optimal minimum and, therefore, to
provide an additional method for assessing the quality of
the minimum obtained. The algorithm for completing this
analysis is briefly described in Appendix B. The output is
reported as the maximum change allowed in each parameter
that maintains the calculated profile within the standard
experimental error. Therefore, the greater the change al-
lowed in the parameter by this constraint, the flatter the
residual function is about this minimum along the dimension
corresponding to the varied parameter. Large variability in
a parameter indicates either (a) reductions in the dimension-
ality of the model used to fit the data can be achieved, (b)
considerable error exists in the measurement of the experi-
mental points, and/or (c) the minimized parameter space is
not highly constrained. It must be emphasized that this
analysis concerns only a limited region around the parameters

constituting the optimal minimum and does not specify if
this minimum is local or global or indicate the quality of
the fit obtained. Furthermore, because only three experi-
mental curves are obtained per insulin concentration, the
confidence level in our estimated standard deviations is
relatively low. However, the analysis partially establishes
the minimum dimensional model needed to fit the data. The
full details of the method and algorithm used in this analysis
will be described in a forthcoming paper (personal com-
munication).
Due to the complexity of the model, the method, and

algorithm, the fitting was done on a Cray II Super computer
to reduce computation time. The time taken to fit the
experimental curves generated for each system ranged from
2 to 5 min.

RESULTS

Binding Profiles. A typical titration profile for phenol into
In6Zn2 is shown in Figure 2. For the phenol/In6Zn2 system
at 25 °C, the first several injections produce exothermic
responses while the latter injections produce endothermic
responses that diminish as saturation is approached. This
profile will be referred to hereafter as an exothermic/
endothermic response. This biphasic behavior in the binding
isotherms is sensitive to temperature,i.e., the second endo-
thermic phase diminishing as the temperature is increased
(Figure 3). Similar exothermic/endothermic response profiles
were observed for all the phenol titrations in the temperature
range of 14-32 °C, all the m-cresol titrations, and the
resorcinol titration at 14°C. Examples of derivatives and
integrals resulting from the titration of phenol into In6Zn2 at
25 °C, as a function of insulin concentration, are shown in
Figure 4. In the In6Zn2 system with a chloride concentration
of 50 mM and temperature of 14°C, m-cresol and phenol
saturated the hexamer at approximately 25 mM, whereas
resorcinol saturates at approximately 10 mM.
Modeling. A systematic evaluation of the family of

models (Table 3), starting with Model 6, led to the
identification of Model 5b as the lowest dimensional model
necessary to give the highest quality fit to all of the data.
The sum of squared errors calculated from both integral and
derivative profiles increases with other models of dimen-
sionality less than or equal to Model 5b (Figure 5, Table 3).
Models of dimensionality greater than Model 5b could not
improve the fit (Figure 5, Table 3). In addition, multiple
minima were identified with these higher-dimensional, over-

Table 1: Parameters Used To Describe the Inter- and Intra-Trimer Cooperativity in the Binding of Phenolic Ligands to the 2Zn-Insulin
Hexamer

parameters description

equilibrium
K0 intrinsic equilibrium coefficient, in the absence of cooperativity
k1 factor correctingK0 for the presence of 1 intra-trimer ligand
k2 factor correctingK0 for the presence of 2 intra-trimer ligands
J1 factor correctingK0 for the presence of 1 inter-trimer ligand
J2 factor correctingK0 for the presence of 2 inter-trimer ligands
J3 factor correctingK0 for the presence of 3 inter-trimer ligands

enthalpic
∆H0 intrinsic heat of binding, in the absence of cooperativity
∂g1 incremental cooperative heat due to the presence of 1 intra-trimer ligand
∂g2 incremental cooperative heat due to the presence of 2 intra-trimer ligands
∂h1 incremental cooperative heat due to the presence of 1 inter-trimer ligand
∂h2 incremental cooperative heat due to the presence of 2 inter-trimer ligands
∂h3 incremental cooperative heat due to the presence of 3 inter-trimer ligands

Table 2: Mapping the Nine Individual Equilibrium Constants and
Individual Heats of Binding from their Intrinsic and Correction
Parameters

equilibrium constantsa heats of bindingb

K10 ) K0 ∆H10 ) ∆H0

K20 ) K0k1 ∆H20 ) 2∆H0 + ∂g1
K30 ) K0k2 ∆H30 ) 3∆H0 + ∂g1 + ∂g2
K11 ) K0J1 ∆H11 ) 2∆H0 + ∂h1
K21 ) K0J2 ∆H21 ) 3∆H0 + ∂g1 + ∂h2
K22 ) K0k1J2 ∆H22 ) 4∆H0 + 2∂g1 + 2∂h2
K31 ) K0J3 ∆H31 ) 4∆H0 + ∂g1 + ∂g2 + ∂h3
K32 ) K0k1J3 ∆H32 ) 5∆H0 + 2∂g1 + ∂g2 + 2∂h3
K33 ) K0k2J3 ∆H33 ) 6∆H0 + 2∂g1 + 2∂g2 + 3∂h3

a The equilibrium constants represent the equilibria between two
ligated species as shown in Figure 1.b The heats of binding represent
the overall enthalpy change for the given species starting from the
unligated (T6) hexamer.
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parametrized models of which the best minima contained
parameters of unrealistic magnitude.

Examples of typical fits to integral curves and their
resulting derivatives are shown for the titration of phenol
into In6Zn2 (Figures 4, panels A and B, respectively). The
fits obtained fall within the standard experimental error
(largest for the first few injections) for nearly every point
on the curve. Differences between experimental and calcu-
lated derivatives show noticeable errors in the first few
points; however, similar residual profiles were observed
between the experimentally-determined derivative and the
experimental average profile associated with the same
system.

A typical plot of the saturation constraint (γ; ratio of bound
ligand to insulin monomer) versus ligand concentration is

also shown for the phenol/In6Zn2 system (Figure 4C). The
assumption that all (or nearly all) binding sites within the
insulin hexamer are occupied at saturation was built into the
fitting routine for all models.
Homotropic Intra-Trimer CooperatiVity. The optimized

parameters for Model 5b, which was used to fit the data for
the various systems investigated, are listed in Table 4. The
modeling results suggest that intra-trimer cooperativity is
present in every system studied but to a limited degree,
appearing only in the enthalpic coefficient space. No intra-
trimer cooperativity in the equilibrium coefficient space
(k1 ) k2 ) 1; Table 3b, Model 5b) was required to fit the
data.
The intra-trimer cooperativity in the enthalpy coefficient

space was observed to be complex and a function of the
ligand and temperature. The incremental cooperative heat
due to the presence of one intra-trimer ligand (∂g1) is either
endothermic or exothermic and is typically small in mag-

Table 3

model description equilibrium parameters enthalpy parameters

(a) Basic Set of Models That May Be Used To Analyze Binding Isotherms
1 (2 parameters) all sites equivalent and independent K0, (k1 ) k2 ) 1);

J1 ) J2 ) J3 ) 1
∆H0, (∂g1 ) ∂g2 ) 0);

∂h1 ) ∂h2 ) ∂h3 ) 0
2 (4 parameters) isotropic inter-trimer cooperativity;

(no intra-trimer cooperativity)
K0, (k1 ) k2 ) 1);
J1 ) J2 ) J3 ) J

∆H0, (∂g1 ) ∂g2 ) 0);
∂h1 ) ∂h2 ) ∂h3 ) ∂h

3 (6 parameters) anisotropic intra-trimer cooperativity;
(no inter-trimer cooperativity)

K0, k1, k2;
J1 ) J2 ) J3 ) 1

∆H0, ∂g1, ∂g2;
∂h1 ) ∂h2 ) ∂h3 ) 0

4 (8 parameters) anisotropic inter-trimer cooperativity;
(no intra-trimer cooperativity)

K0, (k1 ) k2 ) 1);
J1, J2, J3

∆H0, (∂g1 ) ∂g2 ) 0);
∂h1, ∂h2, ∂h3

5 (8 parameters) anisotropic intra-trimer cooperativity;
isotropic inter-trimer cooperativity

K0, k1, k2;
J1 ) J2 ) J3 ) J

∆H0, ∂g1, ∂g2;
∂h1 ) ∂h2 ) ∂h3 ) ∂h

6 (12 parameters) anisotropic intra-trimer cooperativity;
anisotropic inter-trimer cooperativity

K0, k1, k2;
J1, J2, J3

∆H0, ∂g1, ∂g2;
∂h1, ∂h2, ∂h3

(b) Subset of Models Constructed by the Systematic Reduction of Model 5
5a (7 parameters) limited anisotropic intra-trimer cooperativity;

isotropic inter-trimer cooperativity
K0, (k1 ) k2 ) k);
J1 ) J2 ) J3 ) J

∆H0, ∂g1, ∂g2;
∂h1 ) ∂h2 ) ∂h3 ) ∂h

5b (6 parameters) anisotropic intra-trimer cooperativity in enthalpy space only;
isotropic inter-trimer cooperativity

K0, (k1 ) k2 ) 1);
J1 ) J2 ) J3 ) J

∆H0, ∂g1, ∂g2;
∂h1 ) ∂h2 ) ∂h3 ) ∂h

5c (6 parameters) limited anisotropic intra-trimer cooperativity in equilibrium and
enthalpy space; isotropic inter-trimer cooperativity

K0, (k1 ) k2 ) k);
J1 ) J2 ) J3 ) J

∆H0, (∂g1)∂g2 ) ∂g);
∂h1 ) ∂h2 ) ∂h3 ) ∂h

5d (5 parameters) limited anisotropic intra-trimer cooperativity in enthalpy space only;
isotropic inter-trimer cooperativity

K0, (k1 ) k2 ) 1);
J1 ) J2 ) J3 ) J

∆H0, (∂g1)∂g2 ) ∂g);
∂h1 ) ∂h2 ) ∂h3 ) ∂h

5e (6 parameters) anisotropic intra-trimer cooperativity in equilibrium space only;
isotropic inter-trimer cooperativity

K0, k1, k2;
J1 ) J2 ) J3 ) J

∆H0, (∂g1)∂g2 ) 0);
∂h1 ) ∂h2 ) ∂h3 ) ∂h

FIGURE 2: Isothermal titration calorimetry profile resulting from
the titration of 200 mM phenol into 0.83 mM In6Zn2 at 25 °C.
Solutions were 25 mM in Tris, pH) 8.0, and 50 mM in Cl-.
Variable injection volumes (1-15 µL) were used to increase the
sampling density in the early part of the titration. Integration of
the area under these peaks plotted versus total ligand concentra-
tion yields the derivative curves, an example of which is shown in
Figure 4B.

FIGURE 3: Dependence of temperature on the integral curves
resulting from the titration of phenol into 0.83 mM In6Zn2. As the
temperature increases, the second transition (T3R3 T R6) becomes
more exothermic until it disappears completely at temperatures near
32 °C. Solutions were 25 mM in Tris at pH) 8.0 and 50 mM in
Cl-.
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nitude (<2 kcal/mol), with the exception of the resorcinol/
In6Zn2 system at 14°C, where it makes a relatively large
contribution to the overall enthalpy (Table 4). The incre-
mental cooperative heat due to the presence of two intra-
trimer ligands (∂g2) was exothermic for all the systems
studied and increases in contribution to the overall enthalpy
as the temperature is increased (Table 4).
Homotropic Inter-Trimer CooperatiVity. The modeling

results (Table 4) also show that strong isotropic inter-trimer
cooperativity in the equilibrium coefficient space exists in
all the systems studied,i.e., J < 1. The values obtained for
the inter-trimer cooperativity parameter (J) were observed
between 0.035 and 0.29, with all but two cases (phenol at
32 °C andm-cresol at 25°C) being less than 0.1. As is
shown in the mathematical mapping of the intrinsic and
cooperative equilibrium parameters to the individual equi-
librium constants (Table 2), values less than 1 forJ indicate
negative inter-trimer cooperativity. The temperature data for
phenol andm-cresol binding suggest that the magnitude of

this negative cooperative factor diminishes as temperature
increases. The incremental cooperative heat due to the
presence of an inter-trimer ligand(s) (∂h) was strongly
endothermic in all cases.
Intrinsic and OVerall Thermodynamic Binding Parameters.

The modeling data suggest that the rank order of intrinsic
binding affinity, in the absence of cooperativity, of these
ligands for insulin hexamer is resorcinol (8780 L/mol)>
phenol (5040 L/mol)> m-cresol (3370 L/mol) (Table 4).
The intrinsic heat of binding was exothermic for all the
systems studied and ranged from-1.2 to -3.8 kcal/mol,
with resorcinol being the most exothermic for the ligands
studied at 14°C (Table 4).
The overall thermodynamic parameters (∆Hnet, ∆Gnet, and

∆Snet) for the various systems studied are shown in Table 4.
The free energy of binding (∆Gnet) establishes the same order
of ligand binding affinity stated above and also shows an
increase in magnitude with temperature. The enthalpy
(∆Hnet) is highly exothermic for resorcinol, decreases
significantly for phenol, and becomes endothermic for
m-cresol binding at 14°C. As would be expected, increasing
temperature increases the exothermic nature of∆Hnet. The
entropy (∆Snet) established a decreasing trend with temper-
ature. The overall ligand binding process (T6 T R6) is an
enthalpy/entropy-driven process,i.e., negative∆Hnet, positive
∆Snet, for each of the systems studied, with the exception of
m-cresol binding at 14°C, which is entropically driven,i.e.,
positive∆Hnet, positive∆Snet (Gilli et al., 1994).
Temperature Effects. Isothermal titration calorimetry

profiles have been obtained at 14, 19.5, 25, and 32°C for
phenol; 14, 25 (data not shown), and 40°C (data not shown)
for resorcinol;3 and 14 and 25°C for m-cresol binding to
In6Zn2. The binding profiles at a single insulin concentration
as a function of temperature are shown for the phenol/In6Zn2

3 The data generated by resorcinol binding to 2Zn-insulin at 25°C
was not fit with our models due to a thermally silent second transition.
The apparent loss of the second transition is due to a balancing of
endothermic and exothermic contributions in the binding of preservative
to the second trimer; however, spectroscopic studies (data not shown)
indicate that the second transition still occurs. Consequently, the
calorimetric data for resorcinol binding to 2Zn-insulin at 25°C could

FIGURE 4: Representative example of the quality of fit obtained
for the integrals (A) and derivatives (B) in the phenol/In6Zn2 system
using Model 5b. Shown are the average of three experiments with
the standard error. The solid line is the fit. For clarity, only one
derivative is shown up to the point of saturation. The calculated
ratio of bound ligand to insulin monomer (γ) versus phenol
concentration is displayed in (C) for all three insulin concentrations
studied. Inflections inγ represent the ligand concentration at which
the T6 T T3R3 T R6 transitions occur. Solutions were 25 mM in
Tris at pH) 8.0 and 50 mM in Cl-. Initial hexamer concentrations
were 0.83 (b), 0.33 (* ), and 0.10 mM (O).

FIGURE 5: Relative sum of squared error between experimental
average and calculated integrals and derivatives for specified models
obtained from fitting ITC profiles generated by phenol binding to
2Zn-insulin at 14 °C. Data are not shown for all the lower
dimensional models given in Table 3a because of significantly
increased errors.
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system in Figure 3. In all cases, an increase in temperature
decreases the relative magnitude of the second endothermic
phase. Upon further increase in temperature, the second
transition becomes discernible as an exothermic contribution
to the profile. This was verified for only resorcinol, because
the transition temperature is considerably lower than the
phenol system in which the transition temperature exceeded
40 °C (data not shown).
The temperature-dependent data for the phenol/In6Zn2

system are well fit by Model 5b, and the results are shown
in Table 4. The intrinsic equilibrium constant (K0) decreases
with increasing temperature; however, the inter-trimer co-
operativity in the equilibrium coefficient space (J) increases
with temperature, but remains as a negative cooperativity
factor. The intrinsic heat of binding of phenol, in the absence
of cooperativity, becomes more exothermic with increasing
temperature. An enthalpy/entropy compensation plot (not
shown) indicates that the binding is a spontaneous enthalpy/
entropy-driven process. The binding is more entropically-
driven at low temperature and enthalpically-driven at high
temperature. A plot of overall enthalpy (∆Hnet) as a function
of temperature is linear and yields a heat capacity change
(∆Cp) of -460 cal/(mol‚deg).
pH and Buffer Effects. The effect of pH and Tris buffer

on the titration profiles is minimal. For the phenol/In6Zn2
system, the integrated ITC profiles compared between
pH ) 8.0 and 25 mM Tris and pH) 7.5 with a solution
containing no buffer are the same within experimental error
(data not shown). Also, the heat generated by the ionization
of Tris buffer is negligible (nanocalories) because the change
in pH associated with these reactions is approximately 0.1
unit when carried out in the absence of buffer.

DISCUSSION

It has been proposed that phenol-like molecules could be
utilized to stabilize the insulin hexamer, consequently
increasing the shelf-life stability of insulin preparations
(Derewenda et al., 1989) and possibly extending the time
action of the insulin formulation (Smith & Ciszak, 1994).
Therefore, it is essential to quantitate the intrinsic binding

constant of these phenolic ligands to assess the inherent
hexamer stabilization effect that different ligands possess.
This study provides a methodology for analytically determin-
ing a quantitative solution to the complex binding patterns
of phenolic ligands to insulin hexamers. Previous micro-
calorimetric studies were performed to investigate phenolic
ligand binding to 2Zn-insulin hexamers (McGraw & Lin-
denbaum, 1990); however, the concentrations of ligand used
in these studies began at, or near, saturating levels, and
therefore the data only reflect binding to the second trimer.
Consequently, comparisons between results are limited.

As a reminder, the information available from ITC is
limited to the resultant heat produced by an injection. In
this study, these heats are the sum of several processes
(ligand binding, conformational change from extended to
R-helical, and the release of water molecules) that cannot
be individually isolated. If the binding of a ligand produces
exothermic and endothermic heats of equal magnitude, a
monophasic binding profile may result and valuable informa-
tion may be lost. Consequently, care must be exercised in
performing and interpreting not only the data, but the
parameters calculated by the model as well. Thus, the
experimental conditions (especially temperature) as well as
a sensitivity analysis of the minima must be considered in
the fitting routine.

Modeling. The modeling results from this study demon-
strate that the free energy of preservative binding to In6Zn2
is controlled by negative, isotropic inter-trimer cooperativity
and that intra-trimer cooperativity is less important, but does
contribute to the binding (Model 5b). These quantitative
results support the qualitative statements in previous studies
that positive intra-trimer cooperative binding of phenolic
ligands is not significant in the In6Zn2 system (Kru¨ger et
al., 1990) and that strong, negative inter-trimer cooperativity
modulates the binding (Kru¨ger et al., 1990; Roy et al., 1989).

It is notable that, in order to fit much of our data, the
dimensionality of Model 5 could be reduced in the equilib-
rium coefficient space, but not in the enthalpy coefficient
space. This is not surprising since the enthalpy coefficient
space is directly measured; however, the equilibrium coef-
ficient space is influenced by both enthalpic and entropic
contributions (∆G ) ∆H - T∆S). Consequently, entropy/
enthalpy compensation can occur that can affect the param-
etrization of the equilibrium coefficient space.

be fit with Model 2 which is an underestimate of the actual cooperativity
that exists in the system. Data generated at 14°C and preliminary data
at 40 °C (data not shown) for resorcinol have a detectable second
transition that is most adequately fit with Model 5b.

Table 4: Equilibrium and Enthalpic Parameters That Reproduce the Derivatives and Integrals Resulting from the Titration of Phenol,m-Cresol,
and Resorcinol into In6Zn2 at the Given Temperatures Using Model 5b

resorcinol
(14 °C)

m-cresol
(14 °C)

m-cresol
(25 °C)

phenol
(14 °C)

phenol
(19.5°C)

phenol
(25 °C)

phenol
(32 °C)

K0 (L/mol) 8780 ((520)a 3370 ((340) 2230 ((160) 5040((420) 4360 ((380) 3420((190) 2040 ((370)
k1 1.0 1.0 1.0 1.0 1.0 1.0 1.0
k2 1.0 1.0 1.0 1.0 1.0 1.0 1.0
J 0.07 ((0.00) 0.08 ((0.01) 0.15 ((0.01) 0.04 ((0.00) 0.07 ((0.01) 0.09 ((0.01) 0.30 ((0.05)
∆H0 (kcal/mol) -2.60 ((0.00) -1.20 ((0.16) -2.90 ((0.34) -1.21 ((0.03) -3.05 ((0.43) -3.58 ((0.34) -3.79 ((0.38)
∂g1 (kcal/mol) -6.76 ((0.10) 0.71 ((0.78) 1.20 ((2.21) -1.84 ((0.28) 1.60 ((1.81) 0.83 ((1.68) -2.83 ((0.53)
∂g2 (kcal/mol) -0.28 ((0.15) -6.04 ((0.97) -7.16 ((0.33) -4.54 ((0.08) -5.91 ((0.59) -5.62 ((0.41) -6.45 ((1.48)
∂h (kcal/mol) 4.90 ((0.06) 6.67 ((0.55) 8.01 ((0.31) 5.66 ((0.18) 7.03 ((0.09) 7.28 ((0.08) 9.94 ((1.19)

∆Hnet (kcal/mol) -14.8 2.14 -5.29 -3.03 -5.83 -9.22 -11.5
∆Gnet (kcal/mol) -26.6 -23.4 -24.1 -23.4 -24.5 -24.7 -25.5
∆Snet (cal/(mol‚deg)) 41.0 89.1 63.0 71.1 63.8 51.8 46.0

Knet 1.76× 1020 6.45× 1017 4.63× 1017 6.45× 1017 1.98× 1018 1.27× 1018 1.83× 1018

aResults of the sensitivity analysis (see Materials and Methods) are given in parentheses for each adjustable parameter. These values represent
the variability allowed in the parameter before the calculated fit falls outside the standard experimental error for the curves.
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As previously stated, the heats generated in these reactions
are attributable to several factors including conformational
changes, ligand binding, and hydration perturbation. Under
certain experimental conditions with specific ligands,e.g.,
resorcinol binding to In6Zn2 at∼25 °C or phenol binding to
In6Zn2 at ∼40 °C, the second binding phase appears to be
absent, suggesting that negative cooperativity no longer
exists. For both of these systems at 14°C, the profiles have
the usual exothermic/endothermic phases. However, increas-
ing the temperature reduces the magnitude of the endother-
mic/second phase until a transition temperature is reached,
after which the second transition reappears as an exothermic
profile. Spectroscopic evidence (not shown), CD data
(Jacoby et al., 1993), and these temperature-dependent studies
indicate that the second transition is thermally silent at the
transition temperature;i.e., exothermic and endothermic
processes that compose the heat signal are of equal magni-
tude. Thus, these calorimetric constraints need to be
considered in the analysis of the binding isotherms.
Sensitivity analysis was performed on the optimal minima

to estimate the local curvature (or constraint) around each
of the fitting parameters. For each system, the variability
allowed in the inter-trimer cooperativity factor (J) was quite
small (Table 4). This small variability indicates that the
model is very sensitive to small inflections and changes in
slope occurring in the derivative and integral profiles and
that the relative magnitude of the second transition does not
indicate the degree of inter-trimer cooperativity present in
the system.
From the sensitivity analysis (Table 4), the least con-

strained minima were observed withm-cresol (14°C) and
phenol (32°C) data sets. The increased variability observed
in the parameters of these two data sets most likely arises
from larger experimental errors. The larger experimental
error in the ITC profiles generated bym-cresol binding at
14 °C can be, in part, attributed to the low solubility of
m-cresol, which made it difficult to saturate the insulin
hexamer at the highest insulin concentration.
The identification of poorly constrained parameters with

the sensitivity analysis also suggests that a possible reduction
in the parametric space of the model can be achieved.
However, with the exception of resorcinol binding at 14°C
and phenol binding at 32°C, it was found that any reduction
from Model 5b significantly increased the sum of squares
error in the fit. With resorcinol at 14°C and phenol at
32 °C, the quality in the fit to the data with Model 5d was
nearly as good as with Model 5b. However, this lower
dimensional model was eliminated based on its inability to
satisfy the∆Hnet constraint in the phenol system at 32°C,
and on a small but noticeable deviation in the quality of the
calculated derivative from the experimental profile in the
region of the second transition for the resorcinol system at
14 °C (data not shown).
A lack of constraint in the parameter∂g1 was observed in

all cases. However, using the hierarchical model protocol
to reduce the parametrization and assessing the fits based
on the sum of squares error criteria as described above, it
appears that the extra degree of freedom offered by∂g1 is
necessary to obtain the best possible fit to the data. The
increased variability in∂g1 may be due to the reduced
magnitude of the parameter.
Saturation Constraint,γ. As Figure 4C illustrates,γ

approaches unity at the end of the titration (as it is constrained

to within a tolerance of 5% of unity at saturation), and the
inflections in the curves indicate the ligand concentration at
which the T6 T T3R3 T R6 transitions occur. The steep,
initial slope indicates that a greater percentage of the total
ligand present in solution is bound to the hexamer at this
stage of the titration. A representative example of the percent
ligand bound as a function of total ligand concentration is
shown in the inset of Figure 6 for phenol binding at 25°C.
As much as 80% of the total ligand present in solution is
bound to the hexamer at the early stages of the titration. This
clearly shows the inaccuracy of the assumption of total and
free ligand concentrations being equal in previous modeling
procedures.
Intrinsic Binding Constant. In the In6Zn2 system at

25 °C, the intrinsic binding constant for phenol (K0 ) 3420)
is comparable to, but slightly greater than, that ofm-cresol
(K0 ) 2230) (Table 4). This is consistent with results
reported by several other workers who have used spectro-
scopic methods to measure the binding of phenolic ligands
(Choi et al., 1993; Jacoby et al., 1993). The modeling of
CD spectroscopic binding curves by Jacoby and co-workers
produced a similar trend for the intrinsic equilibrium constant
for phenol andm-cresol (Jacoby et al., 1993). The apparent
order of ligand ability to bind to the insulin hexamer is
established as resorcinol. phenolg m-cresol. This order
has also been observed by several other groups using various
spectroscopic techniques (Choi et al., 1993; Dodson et al.,
1993; Jacoby et al., 1993) and supports the results of this
quantitative treatment.
The tighter binding of resorcinol is due to the participation

of the second hydroxyl group in the formation of additional
hydrogen bonds to the hexamer. X-ray crystallographic data
reveal that resorcinol binds to the insulin hexamer in a similar
fashion as phenol, with hydrogen bonds to theA6Cys and
A11Cys; however, a water molecule acts as a hydrogen-
bonding bridge between the second hydroxyl group on
resorcinol and the carbonyl group of theA11Cys of the same
insulin monomer (G. D. Smith, personal communication).
In addition, a somewhat weaker hydrogen bond between the
second hydroxyl group and the imidazole nitrogen of aB5His

FIGURE 6: Concentrations of insulin hexamer species as a function
of total phenol present in solution. The sum of all 10 species is 1.0
at any given phenol concentration. The inset shows the percent
phenol bound to the 2Zn-insulin hexamer as a function of total
phenol concentration. These curves were calculated using the
equilibrium constants obtained from modeling the data generated
by the binding of phenol to the 2Zn-insulin hexamer at 25°C
(5.0 mM insulin, 50 mM Cl-, 25 mM Tris, pH) 8.0).
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on an adjacent monomer has also been identified. This
increased affinity (relative to phenol andm-cresol) of a ligand
to bind to the insulin hexamer through additional hydrogen
bonds is consistent with data from other bifunctional ligands,
including 3-aminophenol (unpublished results) and 7-hy-
droxyindole (Dodson et al., 1993).
The weakerK0 form-cresol binding to the insulin hexamer

may be due to steric hindrance by them-methyl group. This
steric hindrance could affect orientation, alter the hydrogen
bonding pattern or length, and/or cause less favorable
contacts relative to phenol. These factors would account for
the reduced heat released and lower equilibrium constant
(intrinsic and overall) form-cresol.
Increasing the temperature results in an expected decrease

in K0, because the intrinsic heat of binding (∆H0) is
exothermic. The exothermic intrinsic heat of binding (Table
4), observed under all conditions with all ligand/hexamer
systems, is believed to be due to the formation of hydrogen
bonds and van der Waals contacts between the ligand and
the insulin hexamer, as well as the extension of the B-chain
R-helix from B9 through B19 to B1 through B19 upon
phenolic ligand binding (Derewenda et al., 1989; Scholtz
et al., 1991). The greater value for resorcinol binding at
14 °C relative to phenol andm-cresol is due, in part, to the
formation of additional hydrogen bonds. The increasing
exothermic response (∆H0), with increasing temperature, is
consistent with the perturbation of the hydration layer of the
insulin hexamer, one of numerous sources for heat loss/
generation. Crystallographic evidence from T3R3 structures
suggests that the amount of ordered water in the vicinity of
the hydrophobic ligand binding site is greater in the T-state
than in the R-state (G. D. Smith, personal communication).
Therefore, low temperatures should order the hydration shell
around hydrophobic groups, which will lead to an increased
endothermic response upon ligand binding, thereby reducing
the exothermic nature of∆H0. This is what is observed and
reported in Table 4.
Homotropic Intra-Trimer CooperatiVity. Zinc insulin

hexamers display only a limited degree of intra-trimer
cooperativity in binding phenolic ligands (Table 4). This
may, in part, be due to the ligand field stabilization energy
for zinc complexes. With zinc, there is no observed
difference in the LFSE between octahedral and tetrahedral
coordination in aquo complexes (Huheey, 1983). The lack
of an initial energy barrier with respect to octahedralf
tetrahedral conversion makes it difficult to observe intra-
trimer cooperativity in the equilibrium coefficient space with
the In6Zn2 systems, and consequently Model 5b is sufficient
to fit the data reported for these 2Zn-insulin and preservative
systems.
As previously mentioned, anisotropic intra-trimer coop-

erativity in the enthalpy coefficient space was essential for
modeling the binding isotherms under all conditions inves-
tigated. Analysis of the results indicates this enthalpic intra-
trimer cooperativity is complicated and dependent on the
ligand and temperature. The incremental contribution to the
enthalpy by a single ligand binding within a trimer is not
obvious and requires further investigation. However, dif-
ferent ligands influence the enthalpic contributions by altering
the hydration state, the hydrogen bonding pattern to the
ligand, and the coordination geometry to varying degrees,
as demonstrated by resorcinol, phenol, andm-cresol binding
at 14°C (Table 4). The effects of them-hydroxyl group of

resorcinol on the incremental contribution to the enthalpy
by a single ligand binding within a trimer is highlighted by
the increased magnitude of∂g1 relative to phenol and
m-cresol ligand systems (Table 4). The incremental coop-
erative heat contributed by the presence of two ligands was
exothermic in every case. These data suggest that the water
associated with the third ligand site on a trimer is sufficiently
perturbed by the binding of the two previous ligands that
the endothermic/entropic gains of water release are not
achieved by the binding of the third ligand.

The increased variability in∂g1 makes it difficult to
evaluate the temperature effects on intra-trimer cooperativity
with a single phenolic ligand bound. However, the exo-
thermic cooperative factor∂g2, the cooperative correction
factor in the presence of the phenolic ligands, was essentially
constant at temperatures greater than or equal to 19.5°C.
The combination of higher temperatures and degree of
saturation within the trimer clearly disrupt the hydration layer
at the third site, reducing the endothermic contributions and
increasing the exothermic contributions to binding.

Homotropic Inter-Trimer CooperatiVity and the Binding
Pathway. It has been observed that negative inter-trimer
cooperativity is present in the binding of phenolic ligands
to zinc insulin hexamers (Kru¨ger et al., 1990; Roy et al.,
1989). This suggests that ligand binding occurs through the
sequential conversion of trimers. Although our models have
no predisposition for a specific binding pathway, the resulting
inter-trimer parameter (J) suggests this trimer-wise pathway
is preferred (Table 4). This is illustrated in Figure 6 for
phenol binding at 25°C, where it is clear species (1,1), (2,1),
and (2,2) are never present in significant amounts. The
population of species (3,2) is approximately 12% of the
relative hexameric concentration, which corresponds to
approximately 2% of the sites left unligated.4

The isotropic nature of the inter-trimer cooperativity is a
reasonable expectation considering that intermediate ligated
species such as the (1,1), (2,1), and (2,2) hexamers exist at
relatively low concentrations compared to the other species
and therefore make considerably smaller contributions to the
ITC profile (Figures 1 and 6). The isotropic nature ofJ also
suggests that negative cooperativity is a function of the trimer
and not of the individual insulin monomers.

The overall equilibrium constant,Knet, for phenol remains
constant at temperatures greater than or equal to 19.5°C
(Table 4) despite the increasing exothermic response in∆Hnet.
The increasing trend inJ with temperature compensates for
the changes observed inK0, yielding a constantKnet. These
results suggest that negative inter-trimer cooperativity is

4 Figure 6 also gives the appearance that the system is not yet
saturated, which contrasts the ITC profiles. This is an artifact of the
fit. The γ constraint is not rigorously forced to unity at saturation, but
is allowed a variance of 5% (i.e., γ can range between 0.95 and 1.0 at
saturation) because of the obvious experimental errors in measuring
both insulin and ligand concentrations. Typical limiting values ofγ
fall between 0.97 and 1.0 (Figure 4C). Becauseγ is a function of the
free ligand concentration, it directly influences the calculation of the
curves in Figure 6. However, because less than 3% of the calculated
sites are unsaturated, the tolerance inγ will only affect the populations
of (3,1) and (3,2) species, significantly. Because of this range allowed
in γ, only populations in excess of 3% of total sites at saturation can
be considered significant.
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much less of a factor at higher temperatures.5 A more
dynamic hexamer may be better able to accommodate the
six carboxylate groups of theB13Glu residues that are in close
proximity in a central cavity of the R-state insulin hexamer,
which has been identified, in part, to be responsible for the
negative inter-trimer cooperativity observed in insulin (Bloom
et al., 1995; Jacoby et al., 1993; Wollmer et al., 1989).
The incremental cooperative heat due to inter-trimer bound

ligands was unfavorably endothermic in all cases. These
results are also consistent with the hypothesis that charge
repulsion created by the carboxylate groups of theB13Glu
residues is partly responsible for the observed negative inter-
trimer cooperativity.
OVerall Thermodynamics. Thermodynamic values calcu-

lated from the equilibrium and enthalpic parameters show
that ligand binding to the insulin hexamer is favorable and
spontaneous (Table 4). At 25°C, phenol andm-cresol
binding to In6Zn2 are enthalpy/entropy-driven processes (Gilli
et al., 1994). The large positive changes in entropy are
consistent with water release upon the binding of phenolic
ligands to the hexamer. This is further substantiated by the
overall entropy change (∆Snet) observed as a function of
temperature, which shows increased entropic contributions
to binding at lower temperature (Table 4) that have been
attributed to an increased ordering of water around hydro-
phobic groups in the protein (Ross & Subramanian, 1981).
At higher temperatures, the binding process becomes more
enthalpically-driven due to the loss of this ordered water
around the hydrophobic residues in the binding site reducing
the associated endothermic/entropic contributions upon bind-
ing.
The temperature dependence of phenol binding to the zinc

insulin hexamer indicates a strong dependence for∆Hnet

(Table 4). The heat capacity (∆Cp) in this limited range is
-460 cal/(mol‚deg). This large negative value is also
consistent with the “hydrophobic effect” or the disruption
of ordered water from the protein surface (Ross & Subra-
manian, 1981; Sturtevant, 1977).
In summary, using a hierarchical series of models in fitting

ITC data, we can make direct quantitative comparisons
between structurally similar yet chemically different systems.
The broad dynamics of this family of models are demon-
strated in their ability to extract subtle energetic behavior
from the data, such as cooperativity. Finally, it should also
be relatively simple to use the core of the model in fitting
other complex binding systems by adjusting eqs 1 and 2 to
correct for differences in equilibria,i.e., number of binding
ligands, structural representation, etc.
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APPENDIX A

Annihilation of Random Error along the Integral Path.
We have examined the exclusive use of either integrals or
derivatives in our fitting and have found that the minima
obtained are not significantly different (average difference
in parameters wase10%). It should be noted that the
addition of the short curves (low preservative concentration
range) to the data was critical for the convergence of the
observed integral and derivative minima (especially,K0 and
∆H0). We have decided to present the minima obtained from
fitting integrals exclusively due to their inherently decreasing
error along the experimental curve and strong limiting
behavior at saturation on the fit. The proof is quite simple.
It is well-known that for any two independent random

variablesx andy, the standard deviation can be expressed
as follows (van der Varden, 1960):

This formula can be easily extended to any number of
random variables with the condition that any pair of variables
are mutually independent. Also, for a given functionf(x),
its integral overn points with an equal interval between
points can be expressed as

wheref(xi) corresponds to a value of the function,f, at any
fixed point inside the interval∆xi (i.e., in the middle of∆xi),
and

where b - a represents the interval of integration. The
dispersion of eq A2 yields

whereD(x) ) σx
2 for any random variablex. With the

assumption ofindependentandequalmagnitude errors in
every experimental point in the derivative curve, one obtains
the following result:

where σtot is the final point-wise error at the end of the
integrated curve,σ0 is the error associated with each point
in the derivative curve, andLmax is the final ligand concentra-
tion. Examination of eq A4 reveals that the point-wise error
in the integrated profile will decrease linearly with the square
root of the number of experimental points (i.e., number of
injections). The assumption of independent (random) errors
in each point in the derivative profile is a reasonable
expectation for a typical analytical measurement such as ours.
The assumption that the errors are equal for each point in
the derivative curve is certainly not true. However, due to
increasing injection volumes as the titration progresses, the
error in the heat measured per injection decreases cor-

5 The temperature dependence of the second transition could
underestimate the point of saturation and affect the accurate determi-
nation of the various binding parameters. However, it should be noted
that the intrinsic binding parameters,K0 and ∆H0, are primarily
determined from the first few points in the integral profile, meaning
that these two parameters are minimally influenced by the terminal
values. Therefore, the two most significant fitting parameters,K0 and
∆H0 (Table 2), are minimally affected as the magnitude of the second
transition decreases. Despite the diminished second transition at elevated
temperatures, sufficient information is available in the binding profile
to estimate these parameters in the temperature ranges studied.
Additional work is planned to develop models that include the
temperature dependence on the equilibrium constants.

σx+y
2 ) σx

2 + σy
2 (A1)

∫abf(x) dx≈ ∑
i)0

n-1

f(xi) ∆xi (A2)

∆xi ) b- a
n

D[∫abf(x) dx] )
(b- a)2

n2
∑
i)0

n-1

D[f(xi)] (A3)

σtot )
Lmax

n1/2
σ0 (A4)
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respondingly. Therefore,σtot would only decrease further
if the actual errors were used in the analysis. Due to the
fact that experimental errors are largest in the critical first
few injections for the derivative profile, and the above result,
we will report values of the optimized parameters resulting
from fitting integral data exclusively.
As an aside, it should be noted that the integral curve

clearly has a strong correlation among the points toward the
end of the curve;i.e., the variations in eq A4 are not
independent among the points in the integral curve (the
transformation matrix is triangular with unit value nonzero
entries). However, we donot use the assumption of
independence of distribution in our analyses. The optimiza-
tion algorithm attempts the best projection from the parameter
space to minimize the residual function but does not invoke
any assumed error distribution (use of the least-squares fitting
procedure is to be regarded here as a projection operator).
The sensitivity analysis is a separate procedure operationally
constructed to test explicitly the point-wise variability of the
fit by variation in each parameter.

APPENDIX B

Algorithm for Estimation of the SensitiVity to the Optimal
Coordinates. Using the optimal minimum inXh* ) (X*(1),
X*(2), ..., X*(K)) K-dimensional space obtained by the
application of the method described in the text, we generated
N random points (using pseudo-random numbers with
uniform distribution from the IMSL library for the Cray 2)
with the following constraints:

whereRj i ) Xh*( i) (1 - ∆) andâh i ) Xh*( i) (1 + ∆). The set
of inequalities B1 represent a “local box” around the
equilibrium coefficients of the optimal pointXh*. The vectors,
Rj andâh, represent the lower and upper bounds of the box,
respectively. The size of the sensitivity box is directly related
to the variability in the equilibrium parameters obtained from
the results of multiple fitting trials. The minima from
multiple fitting trials were clustered using Statistical Dis-
covery Software, JMP v3.1 (SAS, 1995), and the standard
deviations around the clustered means computed to estimate
the box size around the optimal fitting parameters. The
clustered optimal minimum was generally composed of
several very similar minima with equally good fits that
resulted from different minimization starting points, weight-
ing functions, and size of the area searched. In most cases,
the size of the box was kept to within(10% of the values
for the optimal equilibrium parameters. If the percent
standard deviation from the optimal point calculated for the
equilibrium parameters obtained from the randomly selected
points approached the boundaries of the box, then a larger
box was selected. This procedure was repeated until
convergence of the estimates for the variability, with respect
to the parameters K andJ, was observed within a given box
size. Our intention is to estimate the sensitivity of each
parameter in the vicinity of the optimal minimum, which
has been previously obtained. The set of inequalities B2
establishes an upper limit (ceiling) for the objective function,

F(x), at any vector pointx. The value of this boundary,ε(Xh*)
) ê F(Xh*), is the weighted average of the standard errors
associated with each experimental point in a given integrated
titration profile. The same weights used in the original fit
are used to calculateε(Xh*):

whereR(j) are the statistical weights used on a set of curves
at a particular insulin concentration (0.07, 0.26, and 0.67
for 0.6, 2.0, and 5.0 mM insulin solutions, respectively), and
σ(j) are the averages of the standard point-wise error over
the set of experimental data for a particular curve. The
inequality B2 reflects the central idea in our implementation
of a theoretical sensitivity analysis. We are interested in
estimating the possible variation in the coordinates around
the optimal minimum; however, the resulting variability in
the parameters is still constrained by requiring the resulting
fits to not deviate outside of the standard error bar associated
with the integrated experimental data. The inequality B3
constrains the randomly selected coordinates (generated
within our “box”) to have the proper limiting behavior at
the end (tails) of the integrated curves. The addition of the
∆Hnet constraint was necessary, as it was found that many
of the randomly selected coordinates within our box did not
fall within the proper limits of the overall enthalpy. Basi-
cally, all the theoretical curves of interest have to be nearly
flat in their tails, and the parameter∆Hnet is a good
determinant for this. We have chosen (or calculated) the
following ranges for the parameters above:

Restrictions B2 and B3 represent a filter of those coordinates
chosen randomly within the box set up in B1. The sensitivity
analysis is implemented on the filtered set of coordinates
by the calculation of the standard deviation for each
parameter (coordinate of the objective function). The greater
the variability assigned to a particular parameter, then the
optimum coordinate,Xh, is less robust with respect to that
parameter and may also indicate that the dimensionality of
the model should be reduced.

It should be noted that by gradually increasing the size of
the box (inequality B1), one can try to use this tool for
obtaining an answer to the key question about the uniqueness
of the global minima for the fitting problem. If there is no
convergence in the estimates of the variability in the
equilibrium parameters with increasing box size, then other
minima may exist which cannot be eliminated from consid-
eration. All attempts thus far have not been able to find
any other minima using the optimal model that satisfies all
of the constraints placed on the system.

In our opinion, this sensitivity analysis is a good comple-
mentary tool to the fitting procedure itself, and we use this
analysis to evaluate the family of models with the intention
to find the optimal model (see Materials and Methods) for
the whole problem.

Rj(i) < Xh*(X*( i)) < âh(i), i ) 1, ...,K (B1)

0< F(x) - F(Xh*) < ε(Xh*) (B2)

abs[∆Hnet(Xh*) - ∆Hnet(x)] < δ ∆Hnet(Xh*) (B3)

ε(Xh*) ) R(1) σ(1)+ ...+ R(j) σ(j), j ) 1, 2, 3 (B4)

0.1e ∆ e 0.3

0.03e ê e 0.05

0.01e δ e 0.05
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