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ITC analysis of polydisperse systems: Unravelling the impact of 
sample heterogeneity 
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a Department of Pharmacy, University of Copenhagen, Denmark 
b Department of Science and Environment, Roskilde University, Denmark 
c Department of Biotechnology and Biomedicine, Technical University of Denmark, Denmark  

A B S T R A C T   

Binding interactions often involve heterogeneous samples displaying a distribution of binding sites that vary in affinity and binding enthalpy. Examples include 
biological samples like proteins and chemically produced samples like modified cyclodextrins. Experimental studies often ignore sample heterogeneity and treat the 
system as an interaction of two homogeneous species, i.e. a chemically well-defined ligand binding to one type of site. The present study explores, by simulations and 
experiments, the impact of heterogeneity in isothermal titration calorimetry (ITC) setups where one of the binding components is heterogeneous. It is found that the 
standard single-site model, based on the assumption of two homogeneous binding components, provides excellent fits to simulated ITC data when the binding free 
energy is normally distributed and all sites have similar binding enthalpies. In such cases, heterogeneity can easily go undetected but leads to underestimated binding 
constants. Heterogeneity in the binding enthalpy is a bigger problem and may result in enthalpograms of increased complexity that are likely to be misinterpreted as 
two-site binding or other complex binding models. Finally, it is shown that heterogeneity can account for previously observed experimental anomalies. All simu
lations are accessible in Google Colab for readers to experiment with the simulation parameters.   

1. Introduction 

Ligand-binding plays an integral role in a myriad of industrial ap
plications and research fields, and many experimental techniques have 
been developed for the precise determination of binding affinities. 
However, most analyses of experimental data do not take into account 
the intricacies introduced by samples containing multiple, non-identical 
ligands or receptors, each with unique affinities. Modelling the inter
action as if it involves two monodisperse binding partners is a potential 
source of error on the determined binding affinity. 

Isothermal titration calorimetry (ITC) is an often-used method for 
measuring binding affinities of bio-molecular systems, such as protein- 
ligand binding. The method relies on the heat of binding, and ITC is 
thus capable of measuring binding affinities in all systems that produces 
a heat signal, provided that the binding affinity is within a suitable 
range. The binding affinity, expressed as the binding constant, dissoci
ation constant, or free energy of binding, is obtained by fitting a suitable 
binding model to the heat signals from the titration experiment. Most 
works employ a binding model, the single-site model (often called “one 
set of sites” model in the literature), which assumes the presence of a 
number (N) of identical and independent binding sites (Scheme 1). 

This model assumes each of the binding partners to be 

homogeneous/monodisperse, i.e. each binding partner should consist of 
only one well-defined chemical species. However, this may not always 
be the case. A protein, for example, may undergo post-translational 
modifications to produce a heterogeneous sample containing a broad 
distribution of differently modified proteins. A sample of glycoprotein 
with a well-defined amino acid sequence may consist of numerous gly
coforms differing in the extent and pattern of glycosylation as well as the 
type of attached glycans [1]. The ligand may have a different affinity for 
each of these protein species, and the single-site model thus seems 
inadequate. In general, biological samples and their derivatives often 
consist of a multitude of structurally distinct species, and it is often a 
near-impossible task to purify single species in the amounts required for 
ITC binding experiments. Thus, ITC binding experiments are often per
formed with heterogeneous samples. Examples of ITC studies with het
erogeneous samples include the binding of drug molecules to 
glycoproteins [2] and glucosaminoglycans [3], metal ions binding to 
mixtures of lignin degradation products [4], binding of a fluorescent dye 
to a thermally stressed antibody [5], and the formation of host-guest 
complexes with modified cyclodextrins [6]. 

The single-site model cannot be expected to be an adequate 
description of heterogeneous systems but is nevertheless often applied to 
ITC experiments in which one of the components is heterogeneous; with 
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apparent success as judged from the good fit of the model to experi
mental data [6,7]. In fact, binding experiments with heterogeneous 
samples of modified cyclodextrins are routinely fitted with the 
single-site model to yield the binding constant, binding enthalpy and 
binding stoichiometry as fitting paramters [8,9]. An important question 
emerges: if the single-site model is too simplistic, can the obtained fitting 
parameters be trusted? Is the single-site model capable of fitting the 
data, and does sample heterogeneity bias the results? 

To answer these questions, ITC data are simulated for a system 
consisting of a homogeneous (Monodisperse) component, M, binding to 
a Heterogeneous component, H. The simulated system thus consists of 
multiple linked binding equilibria, each representing the M component 
binding to one of the multiple H fractions of the heterogeneous 
component H. The single-site model is then fitted to the simulated data 
to explore the impact on the apparent binding parameters. It is further 
shown that sample heterogeneity can account for previously observed 
experimental anomalies. 

The present work is inspired by previous ITC studies of the binding of 
homogeneous samples of small guest molecules to heterogeneous sam
ples of cyclodextrin host molecules and draws on some of the experi
mental data from these works [6,10,11]. Cyclodextrin host-guest 
complexes possess ideal properties for the study by ITC and are therefore 
suitable model systems for the study of more general binding phenom
ena. The heterogeneity of the cyclodextrin samples is due to the random 
attachment of substituents (for example hydroxypropyl) to a number of 
sites on the cyclodextrins, resulting in samples containing a distribution 
of modified cyclodextrin molecules that differ in the degree and pattern 
of substitution (Fig. S1) [10]. 

2. Theoretical background and methods 

2.1. The ITC experiment 

In a standard ITC experiment one binding partner is titrated into the 
other and the resulting heat of binding is monitored as the titration 
progresses. Plotting the measured heats, q, as a function of the molar 
ratio produces an enthalpogram (Fig. 1) which is typically fitted with the 
single-site model to yield the binding constant, K, the binding enthalpy, 
ΔH, and the number of identical and independent binding sites on the 
component in the titration cell, N. The binding constant is often con
verted to the standard Gibbs free energy of binding by the use of 
equation (1). 

ΔG◦ = − RTln(K) (1) 

Concentrations of the components in the titration cell and syringe are 
typically chosen such that the injected moles of syringe component at 
the end of the titration is around twice the moles of cell component. 
Further, to obtain suitably shaped enthalpograms for accurate deter
mination of binding parameters the so-called Wiseman c-value, c = MtK 
(Mt being the total concentration of the component in the cell), should 
be in the range 1–1000 [12], and preferably 5–500 [13]. 

2.2. Distribution of heterogeneous component, H 

In the following, it is assumed that the heterogeneous component, H, 
is comprised of species that are normally distributed with respect to ln 

(K), equivalent to a normal distribution in ΔG◦. The species of H then 
follow a lognormal distribution with respect to K (Fig. 2), as previously 
reported [14]. The distributions are defined by a mean, μ, and a standard 
deviation, σ. 

From the properties of lognormal distributions [15] and equation 
(1), the mean and standard deviation of K can be converted into a mean 
and standard deviation of ΔG◦: 

σΔG =RT

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

ln

(

1 +

(
σK

μK

)2
)√

√
√
√ (2)  

μΔG = − RT
[

ln(μK) − 0.5
(σΔG

RT

)2
]

(3)  

2.3. Heterogeneity in ΔH 

Each species of H may not only possess a different binding affinity 
towards M but may also differ in the heat of binding, which is the 
observable in ITC. Heterogeneity in the heat of binding, ΔH, will thereby 
affect the obtained enthalpograms and fitting parameters. For cyclo
dextrin homologues, both ΔG◦ and ΔH seems linearly related to the 
degree of structural modifications [10], and a linear relationship be
tween ΔG◦ and ΔH is therefore assumed. Thus, if the species of H are 
normally distributed with respect to ΔG◦ they are also normally 
distributed with respect to ΔH. However, the width of the distributions 
need not be the same. In fact, it is often observed that ΔH spans a much 
larger range than ΔG◦ – a phenomenon termed enthalpy-entropy 
compensation. 

2.4. Simulation of enthalpograms for heterogeneous systems 

In contrast to most methods for determination of binding constants 
the experimental observable in ITC is not proportional to the number of 
formed complexes. Instead, the produced heat is proportional to the 
increment in the number of complexes for each injection in the titration. 
Simulation of an ITC enthalpogram involves calculation of 1) the 
number of formed complexes at each step of the titration 2) the total 
amount of produced heat and 3) the incremental heat, q. 

The concentrations of formed complexes, [Ci], were found by 
numerically solving the system of equations comprised by the law of 
mass action for the n linked binding equilibria: 

Scheme 1. Definition of the equilibrium constant, K, for the binding of H to M. 
H is a molecule, M is a binding site on a molecule containing N identical and 
independent binding sites, and C is the complex consisting of H bound to M. 
This scheme is referred to as the single-site model (or “one set of sites model”) 
as all binding events are characterized by the same equilibrium constant and 
binding enthalpy. 

Fig. 1. Simulated ITC enthalpograms for the binding of two homogeneous 
components according to the single-site model. The higher the Wiseman c- 
value, the steeper the curve at the inflection point. No inflection point occurs at 
low values of c. Parameters N and ΔH are 1.0 and − 1000 cal/mol. 
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Ki =
[Ci]

[Hi][M]
(4) 

and the mass balances of H and M: 

Mt = [M] +
∑n

i=1
[Ci] (5)  

Ht,i = [Hi] + [Ci] (6)  

For known total concentrations of the homogeneous component, Mt, and 
each of the heterogeneous species Ht,i, these 2n+1 equations with 2n+1 
unknowns (n[Hi], n[Ci] and [M]) were numerically solved to yield the 
concentrations of complexes. 

The total produced heat, Q, was then calculated by multiplying the 
produced moles of complexes with their respective binding enthalpies: 

Q=V0

∑n

i=1
[Ci] ΔHi (7)  

where V0 is the volume of the calorimetric cell. 
Finally, the incremental heats, q, were calculated and plotted as a 

function of the ratio of the concentrations of titrator to titrand in the 
calorimetric cell. The reader is referred to the ITC user manual [16] for 
the exact procedure for calculation of titrator and titrand concentrations 
and the incremental heat. No artificial noise was added to the simulated 
data. 

Simulations resembled a typical experimental setup on a VP-ITC 
instrument with a 1.436 ml calorimetric cell. Titrations consisted of 
thirty 10 μL aliquots of 10 mM titrator solution into 1 mM titrand so
lution. The parameter N was treated as a correction factor to the titrand 
concentration, as is usually done in ITC analysis. All simulations were 
carried out with the same mean value of the binding enthalpy, μΔH =

− 1000 cal/mol. 
Simulations and fits to experimental data were conducted in Python. 

All code is made publicly available in Google Colab as executable code 
that generates the exact figures and results that are presented in this 
manuscript. Readers are encouraged to visit the Colab notebook and 
experiment with the simulation parameters: https://colab.research. 
google.com/drive/1vceKln9h9vSUSTX9e3HxQfxF9OU-WWc3?usp=sh 
aring. 

3. Results 

The following explores the impact of binding heterogeneity in sys
tems of moderate binding affinities, K = 1–1000 × 103 M− 1. The con
clusions, however, are directly transferable to systems of higher or lower 

affinities as it is not the binding affinity in itself but the Wiseman c-value 
that is the important parameter. The simulations were conducted with a 
cell concentration of 1 mM. An average binding constant of 100 × 103 

M− 1 then yields a Wiseman c-value of 100. Identical results would be 
obtained for other systems with the same Wiseman c-value, f.ex. a cell 
concentration of 1 μM and an average binding constant of 100 × 106 

M− 1 (assuming that the standard deviation of K is scaled with the same 
factor). 

3.1. Heterogeneity in K, constant ΔH 

A simulated enthalpogram for the titration of M with H is shown in 
Fig. 3A along with the fitting parameters obtained from fitting the 
single-site model to the simulated data. μK and σK were set to 50 × 103 

M− 1 and 100 × 103 M− 1, respectively. Despite the broad distribution of 
K the single-site model gives an almost perfect fit, although with some 
systematic variation in the residuals. In a real-life situation such a fit 
would be considered absolutely satisfactory and would not lead to any 
suspicion that the single-site model is too simplistic. The simulated data 
do not reveal the actual complexity of the system. The fitting parameters 
are not a cause of suspicion either. The stoichiometry parameter, N, is 
close to unity, suggesting one-to-one binding, and the apparent binding 
enthalpy is quite close to the set value of − 1000 cal/mol. The apparent 
binding constant, however, is more than 3 times smaller than μK. 

Fig. 3b shows the gradual saturation of M by the injected species. 
Initially, there is plenty of free M in the cell, and most of the injected H 
species bind to M. This is reflected in the initial slopes of the lines which 
are close to 1. Only the weakest binders do not bind to a significant 
extent. As the equimolar ratio is approached the injected H’s start 
competing for the still fewer unbound M, and the strong binders start 
stealing M from the weak binders. That is, the weak complexes actually 
start dissociating, as reflected in the decreasing saturation curves. 
Despite the obvious differences in the saturation of M by the various H’s 
the total saturation of M resembles a normal binding isotherm for ho
mogeneous binding. The differences in the individual binding isotherms 
seem to average out to produce a regular single-site isotherm. However, 
M is saturated a little slower than what is predicted by the single-site 
model with K set to μK. 

Simulation of the reverse titration with H in the cell and M in the 
syringe results in a very similar enthalpogram (Fig. 3C) and similar fit 
parameters. The saturation plot in Fig. 3D, however, reveals striking 
differences in the saturation pattern. When H was in the syringe, all 
injected species bound to M in the initial part of the titration, and 
competition for M did not set in until the equivalence point was 
approached. With H in the cell the situation is very different. The initial 
small amounts of injected M results in strong competition among the H’s 

Fig. 2. 25 species (circles) of heterogeneous component H normally distributed with respect to ΔG◦ (in kJ/mol) and the corresponding lognormal distribution of K 
(in units of 103 M− 1). The distributions are truncated in both ends to contain 98 % of the infinite distribution. 

C. Schönbeck et al.                                                                                                                                                                                                                             

https://colab.research.google.com/drive/1vceKln9h9vSUSTX9e3HxQfxF9OU-WWc3?usp=sharing
https://colab.research.google.com/drive/1vceKln9h9vSUSTX9e3HxQfxF9OU-WWc3?usp=sharing
https://colab.research.google.com/drive/1vceKln9h9vSUSTX9e3HxQfxF9OU-WWc3?usp=sharing


Analytical Biochemistry 687 (2024) 115446

4

in the cell for binding to M. First the strong binders are saturated and 
then the weak binders. Competition for M gradually decreases 
throughout the titration as more M is injected. 

3.2. Heterogenity-induced “errors” on K and ΔG◦

The above simulations with μK = 50 × 103 M− 1 and σK = 100 × 103 

M− 1 produced enthalpograms that hardly deviated from normal single- 
site binding. Thus, heterogeneity was hardly detectable but nevertheless 
resulted in an apparent binding constant, K’, which was around 3–4 
times lower than μK. The two other fit parameters, ΔH and N, were close 
to their real values. Is this result only valid for the specific choice of 
distribution parameters? This question was examined by generating 
distributions for many sets of relevant values of μK and σK and fitting the 
single-site model to the simulated enthalpograms. The results for the 
titration of H into M are shown in Fig. 4. 

Fig. 4A shows that heterogeneity always results in an apparent K that 
is lower than the average of the distribution. This is an intuitive result as 
the presence of many binding sites will cause a less defined saturation 
point, meaning a flattened enthalpogram and consequently a lower 
binding constant (see Fig. 1). This effect is more pronounced at high 
values of μK than at low values where heterogeneity has a lower impact 
on the already “flat” enthalpograms. 

In ITC, the obtained binding constant is often converted to a binding 
free energy, ΔG◦, by means of equation (1), and the entropy of binding is 
subsequently found from ΔG◦ and ΔH. The impact of heterogeneity on 
the apparent binding free energy, ΔG’ = -RTln(K’), was therefore 
examined by transforming Fig. 4A to the corresponding plot for ΔG◦

(Fig. 4B). Equations (2) and (3) transforms the x- and y-coordinates, and 

the z-coordinate was transformed as: 

ΔG′ − μΔG = − RT
[

ln
(

K′

μK

)

+ 0.5
(σΔG

RT

)2
]

(8) 

It is noteworthy that the difference between ΔG’ and μΔG (equation 
(8)) depends not only on the “error” on the apparent K (the logarithmic 
term), but also on the width of the distribution (σΔG). Fig. 4A shows that 
K’ is always smaller than μK, resulting in a negative value of the loga
rithmic term, but this is countered by the positive contribution of the last 
term. The peculiar consequence is that the apparent binding free energy 
differs relatively little from μΔG, and may even be lower (more negative) 
than μΔG, even though the apparent K is always smaller than μK. Inter
estingly, the 0.0 contour line in Fig. 4B is almost horizontal. This means 
that for a sample with an average binding free energy of around 19 kJ/ 
mol an ITC experiment of this heterogeneous system will yield an 
apparent binding free energy that is very close to the sample average, 
irrespective of the width of the distribution. In this case the ITC exper
iment yields the true sample average! It may seem odd that the apparent 
K deviates from the sample average while the apparent ΔG◦ does not. 
After all, K and ΔG◦ are just two different measures of the binding af
finity. This perplexing fact is a consequence of the non-trivial relation
ship between the sample averages of K and ΔG◦, expressed in equation 
(3) and deriving from the non-linear transformation between the dis
tributions of K and ΔG◦. 

In general, ΔG’ deviates only little from the true sample average, 
except for broad distributions of the tight-binding samples (or more 
precisely, experiments with a high Wiseman c-value). For comparison, 
experimental errors in real-life determination of ΔG◦ are under the best 
circumstances around 0.25 kJ/mol, equivalent to a 10 % error in K [17]. 

Fig. 3. Simulated enthalpograms and saturation curves for the titration of 10 mM H into 1 mM M (A and B) and titration of 10 mM M into 1 mM H (C and D). 
Simulated reaction heats (circles) are plotted together with the fit of the single-site model (solid line), residuals from the fit (broken line, right axis) and the resulting 
fit parameters (box). K and ΔH are in units of 103 M− 1 and cal/mol. Simulation parameters were: μK = 50 × 103 M− 1, σK = 100 × 103 M− 1, N = 1.0, ΔH = − 1000 cal/ 
mol. H contains 25 species but individual saturation curves are only shown for 5 representative species. The individual saturation curves in B represent the saturation 
of M by various Hi. To represent these on the same scale, each curve was divided by the fraction of Hi, resulting in values exceeding 1. 
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The heterogeneity-induced “error” on the determined ΔG◦ is thus less or 
equivalent to the experimental error within large parts of the investi
gated range. Titrating M into H produces very similar results although K′ 
and ΔG’ tend to deviate slightly more from the true sample means 
(Figs. S2 and S3). 

3.3. Heterogenity-induced errors on N and ΔH 

The relative error on the remaining two fitting parameters, N’ and 
ΔH’, is much smaller than the relative errors on K (Fig. 5). For titrations 
of H into M, N’ is slightly too large and only deviates significantly from 
its true value for broad distributions of weakly binding H, as observed in 
the lower right corner of Fig. 5. ΔH’ is inversely correlated to N’ and its 
numerical value decreases when N’ increases. These trends are a 
consequence of enthalpograms without inflection points (see Fig. 1). The 
ITC practitioner should always be wary of trusting the results from fits to 
such enthalpograms, and the significant deviation of N’ from the ex
pected value should lead to skepticism. It is therefore unlikely that the 
erroneous fitting parameters in the lower right corners of Fig. 5 will be 
trusted. Similar results, albeit with slightly larger errors, are obtained for 

titrations of M into H, with the notable difference that N’ becomes too 
small and the numerical value of ΔH’ increases (Figs. S4 and S5). 

3.4. Consequences of heterogeneity in K, constant ΔH 

In summary, ITC experiments with a heterogeneous binding partner 
results in normal enthalpograms that can be fitted by the standard 
single-site model. Thus, heterogeneous binding is not readily detected in 
a standard ITC binding experiment. The obtained binding constant, 
however, is only an apparent binding constant and may be somewhat 
smaller than the average of the heterogeneous sample, but never larger. 
The obtained binding free energy, ΔG◦, is in most cases a good estimate 
of the real sample average. Likewise, the additional two fit parameters, 
N and ΔH, are also quite close to their real values, except for enthal
pograms without inflection points. Titrations may be performed with the 
heterogeneous partner in the syringe or in the cell with the former 
resulting in slightly better estimates of the real binding parameters. Best 
estimates are obtained for moderate values of the Wiseman c-value. 
High values may lead to a significant underestimation of the binding 
affinity while low values of the Wiseman c-value leads to errors on N and 
ΔH. 

Fig. 4. Plots of the heterogeneity-induced deviation of A) the apparent binding 
constant, K′, and B) the apparent binding free energy, ΔG’, from the real mean 
values of the distributions. Simulations are for titration of 10 mM H into 1 mM 
M. Figure B is a transformation of the data in A, and the downwards-bending 
grid and white spaces in B is a result of the y-coordinate (μΔG) depending on 
both the y-coordinate in A (μK) and the x-coordinate in B (σΔG) (see equa
tion (3)). 

Fig. 5. The apparent values of N and ΔH mainly differ from their real values 
(1.0 and − 1000) for samples of weakly binding H with broad distributions. 
Results are for titrations of 10 mM H into 1 mM M. 
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3.5. Heterogeneity in both K and ΔH 

In addition to differences in K, the individual species in H may have 
different heats of binding. Due to enthalpy-entropy compensation the 
binding enthalpy, ΔH, is expected to possess a much larger degree of 
heterogeneity than the binding free energy, ΔG◦. As shown below, ΔH 
heterogeneity has a much larger impact on the shape of the enthalpo
grams than the ΔG◦ heterogeneity explored in the previous section. 
However, if no ΔG◦ heterogeneity is present the impact of ΔH hetero
geneity reduces to the trivial case where the system is perfectly 
described by the single-site model with a binding enthalpy equal to the 
mean value of ΔH. To be observable, heterogeneity in ΔH must be 
accompanied by heterogeneity in ΔG◦. 

This section explores the impact on the enthalpograms when H is 
heterogeneous in both ΔG◦ and ΔH. The binding heats of the individual 
species are assumed to be linearly related to their individual ΔG◦, thus, 
the species of H are normally distributed with respect to both ΔH and 
ΔG◦. ΔH may be positively or negatively correlated with ΔG◦. A positive 
correlation is often observed experimentally, e.g. for natural cyclodex
trins [18], modified cyclodextrins [11], and in protein-ligand binding 
[19,20]. In principle, ΔH may also decrease with increasing ΔG◦. In the 
following, the standard deviation on ΔH, σΔH, is defined as positive for 
positive correlation between ΔH and ΔG◦ and negative for negative 
correlation. 

The important heterogeneity parameter determining the shape of 
ITC enthalpograms is not the absolute value of σΔH but instead the 
relative standard deviation, σΔH/μΔH. This ratio will for convenience be 
referred to as γ. 

As shown in the Supplementary data the relative contribution of ΔH 
heterogeneity to the enthalpogram is additive and scales with γ: 

q = qG + γΔq∗
H (9) 

qG corresponds to an enthalpogram without ΔH heterogeneity, like 
the ones explored in the previous section. The total heat signal, q, 
resulting from heterogeneity in both ΔG◦ and ΔH is then found by 
adding the contribution from ΔH heterogeneity to qG. The contribution 
termed Δq∗

H is shown in Fig. 6. The shape and magnitude of this 
contribution depends on μK and σK but, importantly, not on μΔH. It is thus 
clear that the contribution from ΔH heterogeneity increasingly tends to 
dominate the enthalpograms with increasing values of γ. 

In the previous section it was noted that ΔG◦ heterogeneity in itself 
only led to slight distortions of the enthalpograms. Adding the contri
bution from ΔH heterogeneity (Fig. 6), which strongly deviates from the 

single-site model, will cause serious distortions of the resulting enthal
pograms, depending on the sign and magnitude of γ. Such impacts are 
illustrated by the enthalpograms in Fig. 7 which were generated with the 
same parameters as in Fig. 3, except that ΔH heterogeneity was intro
duced by setting γ to ± 0.5. Thus, the enthalpograms with γ = 0 in Fig. 7 
correspond to qG. Addition or subtraction of 0.5 × Δq∗

H results in the 
enthalpograms with γ set to ± 0.5, i.e. σΔH = ± 500 cal/mol. 

The situation for the titration of H into M (Fig. 7A) is first discussed. 
When γ = 0.5 the most striking effect is the presence of positive heat 
signals after the equimolar ratio. The reaction apparently changes from 
exo-to endothermic! The few percent of slightly endothermic binders 
present in the distribution are not the cause of the endothermic signal. 
Instead, the crossover to endothermicity is caused by the displacement 
of weak binders by strong binders that really sets in after the equimolar 
ratio (see Fig. 3B). The weakly binding complexes have a more negative 
binding enthalpy than the strongly binding complexes, resulting in an 
overall positive heat signal when a strongly binding H steals an M from a 
weakly binding H. 

The opposite situation is observed when the strongly binding H’s are 
the most exothermic, that is, when σΔH changes sign and γ becomes 
negative. Subtraction of 0.5 × Δq∗

H now results in increasingly exotermic 
signals, particularly around and after the equimolar ratio, due to the 
increased competition for M. These distortions of the enthalpograms 

Fig. 6. The contribution from ΔH heterogeneity, expressed as Δq∗
H , generally 

has a larger impact when H is in the cell. Simulation parameters were: μK = 50 
× 103 M− 1, σK = 100 × 103 M− 1, σΔH = − 1000 cal/mol (i.e. γ = 1 when μΔH =

− 1000 cal/mol). 

Fig. 7. Enthalpograms simulated with the same parameters as in Fig. 3, apart 
from the introduction of heterogeneity in ΔH (γ ∕= 0). Fits of the single-site 
model to the simulated data are shown as lines. A) H is titrated into M. B) M 
is titrated into H. K′ and ΔH’ are in units of 103 M− 1 and cal/mol. Simulation 
parameters were: μK = 50 × 103 M− 1, σK = 100 × 103 M− 1. 
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affects the fitting parameters, as seen by comparing Fig. 7A to Fig. 3A. 
Adding the contribution from ΔH heterogeneity (positive γ) causes the 
fitting function to adopt a steeper shape to capture the heat signals at the 
end of the titration, i.e. an increase in K’. Subtraction of the contribution 
results in a flatter shape of the fitting function, i.e. decreased K’. 

When M is titrated into H the impact of ΔH heterogeneity becomes 
even more pronounced, as seen in Fig. 7B. The strongest effects are now 
observed at the beginning of the titration where competition for the 
small amount of injected M is the strongest (see Fig. 3D). Initially, the 
strongest binders dominate the heat signal, whereas the contribution 
from the weak binders gradually increases as the strong H’s become 
saturated. When γ is positive, the strong binders are the least exothermic 
and this results in a minimum in the enthalpogram. The single-site 
model can only produce monotonously decreasing heat signals and 
therefore gives a very poor fit. When γ is negative, the enthalpogram 
does not exhibit a local extremum and a better fit is obtained. 

It is clear that introduction of ΔH heterogeneity impacts much more 
on the enthalpograms compared to heterogeneity on only K. As exem
plified on Fig. 7 ΔH heterogeneity may result in enthalpograms that are 
poorly described by the single-site model. This may cause researchers to 
interpret the data in terms of other and more complex binding models. 
Such misinterpretations are especially likely for positive values of γ 
where enthalpograms may exhibit a thermal crossover (Fig. 7A) or local 
extremum (Fig. 7B). For negative values of γ reasonable fits are mostly 
obtained but the parameters may be strongly misleading. In the case of 
small μΔH the contribution from ΔH heterogeneity will dominate, 
leading to enthalpograms resembling Fig. 6. The Supplementary data 
contains a further analysis and discussion of the impact of ΔH hetero
geneity on the quality of the fits and the impact on apparent binding 
parameters. 

3.6. Observed heterogeneity in experimental ITC studies 

The present investigation was partly motivated by numerous ITC 
experiments involving modified cyclodextrins binding to small guest 
molecules [6,11,21]. Despite the heterogeneous character of the cyclo
dextrins these systems seemed almost exemplary when studied by ITC. 
The single-site model provided excellent fits to most experiments, stoi
chiometries were close to 1, and the temperature variation of the 
binding constant depended on the obtained binding enthalpies as pre
dicted by the van’t Hoff equation. Heterogeneity seemed unimportant. 
However, small problems were occasionally encountered in the form of 
deviating stoichiometries [10] that varied with temperature [22], sys
tematic variations in the residuals from the fits, and in some cases 
enthalpograms that strongly deviated from the single-site model. Is it 
possible that these anomalies can be explained by the heterogeneity of 
the cyclodextrin samples? Fig. 8 shows the fitted enthalpograms from 
the titration of 1-adamantaneacetic acid (Ad) with a hydroxypropylated 
β-cyclodextrin (HPCD) and the reverse titration (Ad into HPCD). Good 
fits are obtained with the single-site model but the binding parameters 
differ a lot. The stoichiometry is too high and too low, respectively, and 
the binding enthalpy differs by a factor of 2! If only the first titration had 
been conducted one would not suspect a problem, only the additional 
experiment indicates that something is wrong. 

The large discrepancies between the apparent binding parameters 
from the normal and reverse titration can be explained in qualitative 
terms by drawing on the theoretical results from the previous sections. 
First, it is noted that experiments show a strong positive correlation 
between ΔH and ΔG for this type of system [11], i.e. σΔH is positive. 
Together with the exothermicity of the binding reaction, i.e. negative 
μΔH, the titrations in Fig. 8 are in the regime of negative γ. In this regime, 
Figs. S6 and S7 predict that the titration of HPCD into Ad should yield an 
overestimated value of N, and the reverse titration a highly under
estimated value of N. The normal titrations should yield a ΔH’ close to 
μΔH while the reverse titrations should produce a more negative value. 
This is exactly what is observed in Fig. 8. 

Variation of the experimental temperature provides further evidence 
of heterogeneity. Binding enthalpies generally depend on temperature, 
and for cyclodextrin complexes the temperature dependence of ΔH is 
typically in the order of − 100 cal/mol for each degree Celsius [7, 
22–24]. Thus, the value of γ can be systematically varied by changing 
the temperature. The temperature dependence of ΔH sometimes results 
in reaction heats that are exactly zero, occurring at the temperature 
where the reaction crosses from endothermic to exothermic. In the 
following, this temperature is referred to as the athermal temperature. 
Linear extrapolation of binding enthalpies from the titrations of HPCD 
into Ad in the interval 25–55 ◦C (Fig. S9) reveals an athermal temper
ature around 10 ◦C. That is, μΔH is expected to be close to 0 around this 
temperature. ΔH heterogeneity is thus expected to have the largest 
impact near this temperature where the value of γ approaches infinity. 
Conversely, increasing the temperature away from 10 ◦C should reduce 
the impact of ΔH heterogeneity. This is exactly what is observed for the 
titrations in the interval 10–55 ◦C (Fig. S9). The fits of the single-site 
model to the titrations at 10 ◦C are extremely poor and yields unreal
istic and inconsistent binding parameters. As the temperature is 
increased, the fits gradually improve and parameters from the normal 
and reverse titrations become more realistic and consistent. 

These observations are not unique for this system. Titrations of other 
guest molecules with various modified cyclodextrins all gave rise to odd- 
shaped enthalpograms at the athermal temperature and deviating stoi
chiometries in the vicinity of the athermal temperature (data not 
shown). 

Fig. 8. Titrations of 1-adamantaneacetic acid with a hydroxypropylated 
β-cyclodextrin (A) and the reverse titration (B), both conducted at 25 ◦C. K and 
ΔH are in units of 103 M− 1 and cal/mol. Experimental details are described in 
reference 11. 
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3.7. Assessment of σK and σΔH in experimental systems with modified 
cyclodextrins 

As discussed above, there are strong indications that ITC titrations 
with HPCD exhibit ΔH heterogeneity. From previous structural and 
thermodynamic studies it is possible to assess the degree of ΔH het
erogeneity, as quantified by σΔH. This may be compared to values of σΔH 
obtained from fitting the heterogeneous model to the abnormal 
enthalpograms close to the athermal temperature. 

An analysis of previously published thermodynamic data for the 
binding of Ad to various samples of HPCD provides an estimate of the 
degree of heterogeneity in ΔH and ΔG for this particular system (anal
ysis is provided in the Supplementary data). The analysis suggests a σΔH 
on the order of 3.1 kJ/mol for the binding of HPCD to Ad at 25 ◦C and a 
σΔG of around 1.4 kJ/mol, equivalent to σK/μK around 0.6 according to 
equation (2). These values should be considered a lower estimate of the 
sample heterogeneity as not all aspects of the structural heterogeneity 
were considered in the analysis. 

More accurate estimates of binding heterogeneity may, in principle, 
be obtained directly from the ITC data by fitting the heterogeneity 
model to a single enthalpogram that displays clear signs of ΔH hetero
geneity. This model has 5 parameters: μK, σK, μΔH, σΔH, and N. Keeping 
the latter fixed at a value of 1.0 results in good fits to the normal and 
reverse titrations at 10 ◦C where the effects of ΔH heterogeneity are 
pronounced (Fig. 9). Judging from the standard deviation on the fit 
parameters it seems that μK, σK, μΔH and σΔH are all determined rather 

precisely but this is misleading. Unfortunately, it turns out that these 
parameters depend strongly on the value of N. Letting N float results in 
standard errors of the same magnitude as the parameters themselves. It 
is also noted that very different values of μK and σK are obtained from the 
two titrations. On the other hand, the values of μΔH and σΔH are quite 
consistent. μΔH is in both cases very close to 0, in agreement with what 
was concluded by extrapolation of binding enthalpies at higher tem
peratures. σΔH at 10 ◦C is around 4–5 kJ/mol, not much larger than the 
lower estimate of 3.1 kJ/mol that was estimated from thermodynamic 
data at 25 ◦C. Also the value of σK/μK is more than twice as large as the 
lower estimate of 0.6. 

At higher temperatures it proved more difficult to obtain precise 
estimates of the heterogeneity parameters from the fits of heterogeneous 
model to enthalpograms. This is not surprising as these data were well 
described by the single-site model, and the introduction of additional 
fitting parameters leads to over-parameterization of the model. Only the 
reverse titration at 25 ◦C with the strongly deviating values of N’ yielded 
relative precise parameters when fitted with the heterogeneous model 
with N fixed at 1.0 (Fig. S10). 

To summarize, heterogeneity in K and ΔH can quantitatively explain 
the strange looking enthalpograms at 10 ◦C and qualitatively explain the 
anomalies observed at higher temperatures. Reasonable estimates of the 
heterogeneity parameters can be obtained by fitting the heterogeneous 
model to titrations near the athermal temperature. 

4. Discussion 

When considering binding heterogeneity the first question is prob
ably: How reliable are the binding parameters that are obtained when 
fitting the single-site model to experimental data from heterogeneous 
systems? It is intuitive to assume that the obtained binding constant and 
binding enthalpy will be a population-weighted average of the species in 
the heterogeneous system [10,25]. The present investigation shows that 
this assumption is valid in many cases, at least when the single-site 
model gives a good fit to enthalpograms that possess an inflection 
point (i.e. a sufficiently large Wiseman c-value). The obtained K may be 
somewhat lower than the sample average but the apparent free energy of 
binding is a good estimate of the sample average. Best results are ob
tained when the heterogeneous component is in the syringe. 

Significant problems arise when ΔH heterogeneity really sets in but 
these should be obvious as the enthalpograms tend to deviate signifi
cantly from the shape of the single-site model. A more likely pitfall is 
that the data may be fitted with more complex, but wrong, binding 
models. It is tempting to interpret enthalpograms with extrema and/or 
thermal crossovers (Figs. 7 and 9) in terms of a two-site binding model. 
Prevette et al. for example, employ a two-site model to analyze ITC ti
trations of a homogeneous dendrimer into heterogeneous samples of 
glycosaminoglycans [26]. It is not unreasonable to think that the com
plex thermograms in Fig. 4 of the article by Prevette et al. is a reflection 
of sample heterogeneity rather than the proposed aggregation of com
plexes that is thought to constitute the second binding event. Miskolczy 
et al. conducted ITC titrations of berberine into heterogeneous sulfo
butylated β-cyclodextrin and obtained an enthalpogram with a local 
minimum (Fig. 5 in Miskolczy et al.) [27]. This was interpreted as a 
consecutive formation of 2:1 complexes but could instead be a hetero
geneity effect. ITC studies of protein-surfactant interactions also resulted 
in rather complex enthalpograms, where local extrema and inflection 
points were thought to indicate transitions [28]. It is thought-provoking 
that heterogeneity of simple 1-to-1 binding systems, as investigated in 
the present work, may also produce local extrema. 

So how can binding heterogeneity be detected? One may exploit the 
effects of ΔH heterogeneity that become obvious at large values of γ, that 
is, in the vicinity of the athermal point. Heterogeneity may thus be 
detected in systems that exhibit apparent single-site behavior by varying 
the temperature to see whether the single-site model breaks down near 
the athermal temperature. Conversely, heterogeneity-induced 

Fig. 9. Fits of the heterogeneous model to experimental data from titrations of 
A) HPCD into Ad and B) Ad into HPCD at 10 ◦C. The parameter N is fixed at a 
value of 1.0. K and ΔH are in units of 103 M− 1 and cal/mol. 
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complexity of the enthalpograms will disappear if the temperature is 
shifted away from the athermal point. ITC experiments at a range of 
temperatures are always valuable as it allows for validation of the 
binding parameters via the van’t Hoff equation. Unphysical parameters 
resulting from application of the wrong binding model will result in 
deviations from the van’t Hoff equation [29,30]. 

5. Conclusion 

The almost perfect fits of the standard single-site model to ITC ti
trations involving a heterogeneous component means that binding het
erogeneity in many cases may go unnoticed while still affecting the 
obtained binding parameters. The apparent binding constant may be 
significantly lower than the sample average but the obtained binding 
free energy is a decent estimate of the sample average. Heterogeneity 
may induce small deviations on the stoichiometry N, and the binding 
enthalpy will deviate from the sample average, most significantly when 
the homogenous component, M, is titrated into the heterogeneous 
component, H, why it is recommended to have H in the syringe. 

Heterogeneity effects dramatically increase when the spread in 
binding enthalpy is comparable or larger than the average binding 
enthalpy of the heterogeneous system. For titrations of H into M, het
erogeneity mainly affects the last part of the enthalpograms while the 
initial part is affected for titrations of M into H. ΔH heterogeneity may 
cause strong distortions of the enthalpograms, including local extrema 
and thermal crossovers, which can easily be misinterpreted as deriving 
from multi-site binding or other complex binding models. 

When using the single-site model to fit ITC data from heterogeneous 
systems the obtained binding parameters most correctly represent the 
sample average when 1) concentrations are chosen to produce soft S- 
shaped enthalpograms 2) the heterogeneous component is in the syringe 
3) titrations are conducted at a temperature where γ is small and 
negative. 
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