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Once a homogeneous ensemble of a protein ligand is taken from solution and immobilized to a surface, for many
reasons the resulting ensemble of surface binding sites to soluble analytes may be heterogeneous. For example, this
can be due to the intrinsic surface roughness causing variations in the local microenvironment, nonuniform density
distribution of polymeric linkers, or nonuniform chemical attachment producing different protein orientations and
conformations. We previously described a computational method for determining the distribution of affinity and rate
constants of surface sites from analysis of experimental surface binding data. It fully exploits the high signal/noise
ratio and reproducibility provided by optical biosensor technology, such as surface plasmon resonance. Since the
computational analysis is ill conditioned, the previous approach used a regularization strategy assuming a priori all
binding parameters to be equally likely, resulting in the broadest possible parameter distribution consistent with the
experimental data. We now extended this method in a Bayesian approach to incorporate the opposite assumption, i.e.,
that the surface sites a priori are expected to be uniform (as one would expect in free solution). This results in a
distribution of binding parameters as close to monodispersity as possible given the experimental data. Using several
model protein systems immobilized on a carboxymethyl dextran surface and probed with surface plasmon resonance,
we show microheterogeneity of the surface sites in addition to broad populations of significantly altered affinity. The
distributions obtained are highly reproducible. Immobilization conditions and the total surface density of immobilized
sites can have a substantial impact on the functional distribution of the binding sites.

Introduction

The study of protein binding and immobilization to surfaces
is of great interest in many fields, including, for example, the
design of biosensors and microarrays and the design of surfaces
that are biocompatible or specifically functionalized. It is also
of fundamental interest for understanding the physical chemistry
of protein adsorption to surfaces and protein/cell surface
interactions. Yet, it is frequently nontrivial to determine the
binding affinity and kinetic parameters of analyte binding to
sites located at a surface. Even when highly purified proteins are
covalently attached to the surface to serve as binding sites, one
common observation is that experimental binding data do not
conform to the model of a single class of sites (with or without
considering mass transport to the surface in the binding kinetics).
This is particularly striking in studies of protein surface binding
with surface plasmon resonance (SPR) optical biosensors, which
exhibit very high signal-to-noise ratios and reproducibility.
Typical SPR data display this nonconformity with simple binding
models in the majority of experimental systems.1-3

One explanation could be the intrinsic heterogeneity of the
surface sites. The much-cited aphorism “God made the solid
state, he left the surface for the devil” (attributed to Wolfgang
Pauli4 and Enrico Fermi5) appears to hold true similarly for the
behavior of molecules free in the liquid state versus at a surface:
(1) The detailed structure of the surface may exhibit many local

microenvironments with heterogeneous chemical and physical
properties.6-9 These microenvironments are likely to modulate
the conformation in which a protein is adsorbed or chemically
immobilized, as well as its interaction potential for soluble
analytes.8-15 This effect is likely exacerbated when using random
immobilization chemistries.16 (2) When using a polymeric
immobilization support, such as the common carboxymethyl
dextran brush, a density distribution perpendicular to the surface
will arise that, in addition to presenting a kinetic obstacle for
analyte transport,17,18 may also lead to a gradient in the intrinsic
binding properties of the proteins through local variations in the
electrostatic interactions, pH, steric constraints, or repulsive
hydration/fluctuation forces.19 In addition, due to the intrinsic
flexibility of the polymer anchors sampling a range of conforma-
tions, the resulting interaction potential of immobilized surface
sites for soluble analytes can be expected to be distributed over
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a continuum of states.19 (3) As may be theoretically expected20

and observed by AFM imaging,9 the vicinity of the surface can
promote proteins to cluster. As a consequence of all these factors,
proteins that prior to immobilization are uniform and mono-
disperse free in solution should be expected to exhibit a dispersion
of physical binding parameters between the ensemble of surface
sites offered to a mobile analyte probing the surface.21 Further,
the degree of polydispersity in binding constants would be
expected to depend strongly on the particular protein, its
interaction with the particular surface during immobilization,
and the detailed immobilization conditions.

Analysis of experimental data with models allowing for
heterogeneity of binding affinity has been suggested by Sips22

in the form of a parametrized isotherm, and later several groups
explored the idea of modeling arbitrary distributions of binding
parameters to experimental surface binding data.23-26 We reported
a method for the deconvolution of experimental kinetic surface
binding and dissociation traces obtained at a set of different
analyte concentrations resulting in two-dimensional distributions
of rate constants and affinity constants.27 More recently, we
extended this model to incorporate first-order corrections for
mass transport limitation.18 By considering simultaneously the
two major experimental complications in the interpretation of
SPR binding data, heterogeneity and mass transport limitation,2

for the first time this model consistently yields qualities of fits
to experimental data in the order of the noise of data acquisition
and experimental reproducibility (and without the need to invoke
complex binding mechanism).

One critical question is how reliably the details of the calculated
distributions can be interpreted. The concern arises from the
well-known ill-posed nature of exponential fitting and the fact
that the deconvolution method resembles in principle a generalized
two-dimensional Laplace transform. In order to numerically
stabilize the results against noise amplification, Tikhonov-Phillips
or maximum entropy regularization is frequently used.18,23,24,27

This technique can be understood from the background that in
such ill-posed problems there is usually a large set of different
distributions that fit the data with statistically indistinguishable
quality of fit. Regularization picks from those the one distribution
that adheres most to a predefined propertysthe minimum total
curvature in Tikhonov-Phillips regularization and the minimal
information content in maximum entropy regularization, re-
spectively. These methods are well established in many
biophysical disciplines, and they show excellent performance in
extracting the essential features of the distribution while being
stable against experimental noise.28 In the current context, one
important aspect of the regularization used so far is that it implies
a priori an equal probability for all binding constants. As a
consequence, the broadest possible distribution is obtained (and
a flat distribution is the result of an analysis of data consisting
only of noise and not carrying information). Although this reflects
the information content of the data alone, it is not entirely

satisfactory for the purpose of examining to what extent dispersion
of the binding parameters occurs in comparison to the usually
uniform ensemble in solution.

Therefore, in the present work we approach regularization
with the opposite assumption: that the distribution should consist
of a single sharp peak. This can be implemented in a Bayesian
framework29 such that the a priori probabilities resemble a δ-
function.30 This is fundamentally different from a simple discrete
single-site model (which will usually not fit the data) in that the
result from the Bayesian approach will, if necessary, add the
features to the distribution that may contradict the prior expectation
but are necessary to honor the data (i.e., give a fit quality equal
to that of the standard regularization). With this approach, the
data analysis will result in the narrowest distribution possible,
given the information content of the experimental data. In
particular, any deviation from a δ-function in the resulting
distribution can be trusted to be an essential feature of the data.

In the present paper, using this new tool, we demonstrate
microheterogeneity of the binding sites of immobilized antigens
and antibodies on the carboxymethyl dextran surface of a surface
plasmon resonance biosensor. We further examined the repro-
ducibility of the surface site distribution, supporting the results
from the distribution analysis. Finally, we asked the question
whether immobilizing to a higher surface density would lead to
similar surface site distribution or selectively increase subpopu-
lations of sites. For different proteins, both cases were observed.

Methods
Surface Plasmon Resonance Biosensing. Biosensor experiments

were conducted in a Biacore 3000 surface plasmon resonance (SPR)
instrument equipped with microfluidic sample delivery (GE Health-
care, Piscataway, NJ). Customarily, the binding signal is measured
in units termed “RU”, for ‘resonance units’, approximately equivalent
to a refractive index change near the surface of 10-6. Sensor chips
CM3 with ‘short’ carboxy-methyl dextran matrix were used. Standard
amine coupling with N-hydroxysuccinimide and N-ethyl-N′-(3-
dimethylaminopropyl)carbodiimide was used, and unreacted sites
were quenched with ethanolamine HCl.16,31 Hepes buffer saline
with 3 mM EDTA and 0.005% P20 was used as a running buffer.
A number of different pairs of interacting molecules were studied,
as indicated in the Results and figure legends. Association and
dissociation kinetics were recorded at a range of analyte concentra-
tions, adjusting the contact time to achieve close to steady-state
binding, and extending the dissociation time to allow monitoring
significant curvature in the dissociation trace where possible.
Dependent on the interacting pairs of molecules, surface regeneration
was achieved with a pulse of high salt solution and detergents or
by waiting for natural dissociation.

Calculating Surface Site Distributions. The experimental binding
signal sxp(c, t) from several association and dissociation traces
obtained at different analyte concentrations were fitted with a model
considering a continuous distribution of binding sites P(koff, KD)
with a range of chemical off-rate constants koff and equilibrium
dissociation constants KD. P(koff*, KD*)dkoff dKD is defined as the
population of the classes of surface sites (in signal units) with an
off-rate constant between koff* and koff* + dkoff and an equilibrium
constant between KD* and KD*+ dKD.18,27 The analyte was assumed
to be homogeneous. The kinetic traces at each concentration include
an association phase, where at initial time, t0, an analyte at
concentration c is brought in contact with the sensor surface for a
duration tc, and the dissociation phase, where the analyte is removed
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from the vicinity of the sensor surface. For simplicity, the absence
of mass transport limitation is assumed, but an extension to the mass
transport limited case has been described in ref 18. Binding to each
class of sites is assumed to proceed independently with the following
pseudo-first-order rate equation

ds
dt

) konc(S- s)- koffs (1)

where kon is the chemical on-rate constant with kon ) koff/KD and S
is the saturating signal for this class of sites. The analytical solution
of eq 1 consists of well-known sets of exponentials

s1(koff, KD, c, t)) (1+KD ⁄ c)-1

{ 1- e-(konc+koff)(t-t0) t0 < te t0 + tc

[1- e-(konc+koff)(tc-t0)]e-koff(t-tc) t > t0 + tc
(2)

with the normalized signal per unit surface sites s1) s/S. Considering
that we have a distribution of binding sites, the total signal can be
expressed as a Fredholm integral equation

stot(c, t))

∫KD,min

KD,max ∫koff,min

koff,max s1(koff, KD, c, t)P(koff, KD)dkoff dKD + �(c) (3)

accounting also for baseline offsets �(c). Discretized in a grid of
(koff,i, KD,i) values, this can be approximated as

stot(c, t))∑
i)1

N

Pi(koff,i, KD,i)s1(koff,i, KD,i, c, t)∆koff∆KD + �(c)

(4a)

with the index i enumerating all surface species with associated
pairs of parameter values (koff,i, KD,i) or short

stot(c, t))∑
i

P′
is1

(i) + �(c) (4b)

The finite grid spacing ∆koff and ∆KD is here absorbed into the
normalization of the distribution P′. The task of modeling the
experimental data can now be formulated as a least-squares problem

Min
P’i,�(c){∑

c,t

(sxp(c, t)-∑
i

P′
is1

(i)(c, t)- �(c))2} (5)

Since the effective start times t0 of the binding experiments are
frequently not known with sufficient accuracy (due to instrumental
and flow-based delays), t0 times are typically also included as fitting
parameters for each curve within the bounds of the experimental
uncertainty. The range of the distribution is chosen in a series of
analyses with the grid spanning different koff and KD ranges, selecting
the smallest range that does not constrain the quality of fit. The
discretization is performed on a logarithmic scale of parameter values
with typically 3-4 grid points per decade.18

In the form of eq 5, the optimization can be highly susceptible
to amplification of experimental noise dominating the features in the
calculated distribution.28 Previously, we described the use of
Tikhonov regularization which stabilizes eq 5 by introducing a penalty
term for the sum of the second derivative in both KD and koff direction27

Min
P’i,�(c){∑

c,t

(sxp(c, t)-∑
i

P′
is1

(i)(c, t)- �(c))2 +R∑
i,j

P′
jHijP

′
i}

(6)

with Hij denoting the square of the (N × N) second derivative matrix.
The penalty term is a constraint, unavoidably decreasing the quality
of the fit. However, the nuisance parameter R is iteratively adjusted
such that the quality of fit, measured by F-statistics, remains
indistinguishable from the overall best fit withR) 0 on a predefined
confidence level (usually one or two standard deviations). This ensures

that we obtain the most parsimonious distribution possible for the
given data. This is a powerful approach that was taken also by other
groups in the computation of adsorption energy distributions in refs
23 and 24 and is applied routinely in many other biophysical
disciplines, such as dynamic light scattering (CONTIN)32 and
sedimentation velocity (SEDFIT).33

In a Bayesian refinement of this approach we can define a prior
expectation x(koff, KD) for the distribution to rescale our measure of
parsimony. This is a well-known strategy to analyze new data in
light of pre-existing probabilities.29 Following a strategy that we
have recently shown to significantly increase resolution in the context
of macromolecular size and shape distributions by sedimentation
velocity,30 we define the parsimony term on the basis of the derivative
of the ratio of P relative to the prior x. The modified minimization

Min
P’i,�(c){∑

c,t

(sxp(c, t)-∑
i

P′
is1

(i)(c, t)- �(c))2 +

R∑
i,j

P′
j

Hij

xixj
P′

i} (7)

with sxp(c,t) denoting the experimentally measured family of
association, and dissociation progress curves at a set of analyte
concentrations c will now describe the distribution that deviates
minimally and most parsimoniously from the prior expectation given
the experimental data.30 It should be noted that the optimization in
eq 7 has the degrees of freedom to add features to the solution (even
those contradicting the prior knowledge) to the extent that they are
essential to explain the new data, again using F-statistics on a
predefined confidence level as a criterion.

For constructing the prior we use a hierarchical approach with a
preliminary conventional analysis; eq 6 is the first step. From the
resulting distribution we visually discern the major peak whose
binding parameters are presumed to reflect unimpaired interactions
as they occur in solution. This peak (or region) is then integrated
on a logarithmic scale to determine the best estimate for these
parameters koff* and KD*. Next, the prior distribution is constructed
as

xi )A

{ pq koff,i < koff
∗ < koff,i+1 and KD,i < KD

∗ < KD,i+1

p(1- q) koff,i-1 < koff
∗ < koff and KD,i < KD

∗ < KD,i+1

(1- p)q koff,i < koff
∗ < koff,i+1 and KD,i-1 < KD

∗ < KD,i

(1- p)(1- q) koff,i < koff
∗ < koff,i+1 and KD,i-1 < KD

∗ < KD,i

1 ⁄ A else
(8a)

with

p) (lg KD
∗ - lg KD

+) ⁄ (lg KD
-- lg KD

+)

q) (lg koff
∗ - lg koff

+ ) ⁄ (lg koff
- - lg koff

+ ) (8b)

and the closest neighboring grid points KD
+ ) min{Ki > KD

* }, KD
- )

max{Ki < KD
* }, koff

+ ) min{koff,i > koff
* }, and koff

+ ) max{koff,i < koff
* }.

This is a finite grid approximation of a delta-function Aδ(k - koff*,
K - KD

*) with total area A and signal average parameters equal to
koff* and KD*, added on a constant distribution. The amplitude A
reflects the height of the peak relative to a uniform background,
which we empirically set to a value of 100 or 1000 (such as to effect
an influence of the prior on the result of the analysis). Finally, eq
7 was evaluated with the prior eq 8a.

All computational methods have been implemented in the public
domain software EVILFIT, which has a graphical user interface
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running on the MATLAB platform (The Mathworks, Nantucket
MA) and is freely available on request (from P.S.). Practical use of
EVILFIT is part of the semiannual data analysis workshops at NIH.

Results

One can demonstrate the properties of the Bayesian distribution
analysis best by comparing the results from the application to
data of different information content. Figure 1 shows simulated
kinetic association and dissociation traces mimicking those that
would be obtained in a typical SPR biosensor for a single class
of sites with KD) 10 nM and pseudo-first-order reaction kinetics
with koff ) 0.05/s in the presence of 0.3 RU normally distributed
noise. The left column of panels reflects analysis of data at a low
surface site density (Figure 1A) (similar to that recommended
in ref 34) and the right column the equivalent analyses for a
higher density surface (Figure 1B), both at the same noise levels.
For the low signal/noise data, the conventional distribution
analysis using Tikhonov-Phillips regularization (Figure 1C) leads
to a very broad peak by design reflecting the limited information
content of this data (which was noted previously by Ober and
Ward35). Essentially, only the order of magnitude of KD and koff

can be estimated. (The diagonal shape of the broad peak reflects
the fact that kon is somewhat better determined from the data than
koff). The introduction of the Bayesian prior expectation (Figure
1E) that the surface sites should more likely have binding
parameters with KD* ) 10 nM and koff* ) 0.05/s, the true
parameters underlying this simulation, acts to focus the distribu-
tion to the expected value. This is true whether or not the expected
parameter values supplied in the Bayesian prior are correct:
distributions obtained with 2- and 3-fold higher values for both
KD

* and koff
* are shown in Figure 1G and 1F. The data does not

have sufficient information content to contradict the prior. Instead,
the tails in the distribution compensate for the erroneous peak
values. It should be noted that all analyses shown have the same
quality of fit and are therefore statistically indistinguishable. The
interpretation of this data is ambiguous since which one is the
true distribution can not be decided and depends on our belief
in the prior.

A different situation is observed in the analysis of data with
higher surface site density (and therefore better signal/noise ratio).
Here, the standard regularization already leads to a narrowly
confined region of affinity and rate constants (Figure 1D), which
does not seem to be significantly improved in the Bayesian
analysis supplying the prior with the correct parameters (Figure
1F). Importantly, analyses with the impostor prior (Figure 1H
and 1J) result in vanishing estimated population of the sites with
the wrong parameter estimates. Clearly, the data are sufficiently
informative to override wrong expectations inconsistent with
the data.

A second interesting question is to what extent the degrees of
freedom introduced in the distribution analysis can allow fitting
data from interactions with single sites but more complex reaction
kinetics, a case where our assumption of parallel pseudo-first-
order reactions in the current distribution model would fail. This
is addressed in Figure 2, where we simulated binding data for
a single class of surface sites with ligand-induced conformational
change leading to tighter ligand binding. At low surface densities
(10 RU) where the data have a low signal/noise ratio, the quality
of fit with the impostor distribution model is very good (root-
mean-square deviation (rmsd) of 0.33 RU vs simulated noise in
the data at 0.30 RU), hardly distinguishable from the best-fit
model. In contrast, however, from the higher surface site density

(100 RU) one can discern a very significant mismatch of the
best-fit binding traces, resulting in a rmsd of 1.87 RU. This can
be taken as a criterion to reject this model. As a consequence,
the distribution associated with this model should not be
interpreted.

Previously we used experimental data from the binding of
�2-microglobulin to an immobilized monoclonal antibody as a
model system to illustrate the properties of the distribution model
(e.g., Figure 1 in ref 18). Accordingly, we applied the Bayesian
analysis strategy outlined above to this data (Figure 3A). After
integration of the main peak from conventional analysis (as shown
in Figure 3C) we asked the question whether this peak can be
described as a single site. The resulting distribution (Figure 3D)
shows indeed a focused main peak. However, the main peak
comprises only about one-half of all sites. A broad distribution
of secondary sites is still observed, although now with slightly
more homogeneous distribution. These include a tail of lower
affinity sites in the micromolar range, a population of sites
approximately 10-fold weaker than the main peak, as well as
significantly more high-affinity and more slowly reversible sites.

It is interesting to note that the main peak in Figure 3D could
not be completely compressed into the expected single class of
sites, leaving a slight shadow. The question whether it is possible,
in principle, to detect microheterogeneity within the main peak
is investigated best with data at a very high signal/noise ratio.
Figure 4A shows kinetic binding traces of soluble B5R antigen
binding to the immobilized antibody 19C2 on a long-chain
carboxy-methyl dextran surface (CM5, Biacore). As we have
shown previously,36 the data fit very poorly to a single class of
site model (Figure 4.6A in ref 36). However, it was not clear
whether the reason for this is the population of low-affinity and
poorly reversible sites (visible as gray spots at the right and
lower boundary of the distribution) or from possible heterogeneity
in the region of the main peak indicated in the distribution
calculated with the standard approach (Figure 4C). With the
Bayesian analysis tool we can now hypothesize that the main
region may reflect a single class of sites (with binding parameters
determined as the signal-average affinity and rate constant over
the main region) and test whether an analysis using such a prior
expectation will result in a distribution consistent with this prior.
As shown in Figure 4D, a clear separation between the two
subpopulations at Kd values of 4.8 and 20 nM remains, showing
that this distinction is an essential feature of the information
content of the data.

Next, we examined the question how reproducible the details
of the calculated distributions are. For this purpose, replicate
experiments were performed with two identical immobilization
protocols from the same antigen protein batch. As shown in
Figure 5A and 5B, this led to very similar surfaces regarding
their binding capacities and binding signals with the surface B
reaching ∼20% larger signal. The surface binding sites were
probed serially at the same set of concentrations of a monoclonal
Fab fragment (Figure 5). A complex pattern of major and minor
classes of binding sites was identified from the distribution
analysis with Tikhonov regularization. Strikingly, a very similar
pattern appeared from both surfaces. Small quantitative differ-
ences exist in the width and precise location of some peaks, but
all classes of sites seem to be reported from both surfaces. The
most significant difference appears to be the relative magnitude
of the two major, high-affinity peaks. We also performed a control
analysis using the Bayesian prior hypothetically probing whether

(34) Myszka, D. G. J. Mol. Recognit. 1999, 12, 279–284.
(35) Ober, R. J.; Ward, E. S. Anal. Biochem. 1999, 273, 49–59.

(36) Sundberg, E. J.; Andersen, P. S.; Gorshkova, I. I.; Schuck, P. In Protein
Interactions: Biophysical Approaches for the Study of Complex ReVersible Systems;
Schuck, P., Ed.; Springer: New York, 2007; Vol. 5, pp 97-141.
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Figure 1. Effect of Bayesian prior knowledge on the estimated surface site distribution for data of different signal/noise ratios. Data are simulated to mimic
those form SPR biosensors for a single class of sites with KD ) 10 nM and koff ) 0.05/s with 0.3 RU normally distributed noise. (A and B) Binding data
and residuals of the fit for a total surface capacity of 8 RU and 100 RU, respectively. The concentrations were 1, 3, 10, 30, and 100 nM (blue to green).
(C and D) The red line shows the best-fit distribution from the analyses with the residuals joined in the plot below the binding data. In this figure the left
column of panels refers to analysis of data in A and the right column to analysis of the data in B. (C and D) koff-KD distributions calculated with standard
Tikhonov-Phillips regularization on a confidence level of two standard deviations, corresponding to a uniform prior, not emphasizing the likelihood of any
particular surface site parameters. The distributions are presented as a contour plot with the color temperature interpolated from the population at the (KD,i,
koff,i) grid points (shown as small black circles). The height of the distribution values can be read from the color bar at the right. The grid spacing is chosen
logarithmically in both KD and koff directions, such that lines of constant kon are diagonal. Also plotted in the contour plots as vertical gray lines are the analyte
concentrations at which the experimental binding data are collected. The horizontal gray line represents the inverse of the longest time constant for which
the experimental data would permit observing a (1/e)-fold decay. These lines are a guide for the order of magnitude of KD, koff values that are characterized
best by the experimental data. (E and F) Distributions obtained when using as a prior expectation the correct binding parameters underlying the simulation.
The parameters emphasized in the prior are indicated as a cross, and the contour line where the discretized δ-function of the prior distribution reaches 10%
of the maximum value is indicated as red dashed line. (G and H) Obtained under the same conditions but using an impostor prior, expecting both KD

* and
koff

* to be 2-fold higher than the true value. (I and J) Obtained with prior expectations reflecting parameters 3-fold higher than the true value.
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the two most populated peaks may really stem from a single
class of sites again supported the heterogeneity of the surface
sites (Figure 5 E and 5F). Similar to Figure 4, this single-site
expectation is not supported by the data, as can be observed by
the lack of a peak at the position of the average binding parameters
(Figure 5E). For the replicate experiment in Figure 5F the slightly
different signal/noise ratio, average affinity, and relative mag-
nitude of the two peaks allows for the distribution to partially
accommodate the prior but without eliminating the peaks from
the Tikhonov regularization, showing again that the single-site
assumption is insufficient to explain the data.

Finally, we asked whether surfaces that were treated differently
to yield different densities of surface sites can be assumed to
have similar affinity distributions or if different immobilization
conditions would disproportionably favor selected classes of sites.
We studied this question with different immobilized proteins
exhibiting different types of behavior. Figure 6A and 6B shows
the affinity distributions of a monoclonal Fab fragment binding
to the immobilized antigen molecule at approximately 2-fold
different surface densities. The higher surface site density was
achieved by applying a higher protein antigen concentration to
the activated surface during the immobilization step. Only minor
differences in the peaks can be discerned. Similar results were
found when generating different surfaces by exposing the activated
surface to the same protein concentration but for longer times
(data not shown). In contrast, a different behavior was observed
for a different molecule shown in Figure 6C and 6D. Here,
achieving higher surface density resulted in the increasing

population of a higher affinity class of sites. The high-affinity
site at 220-250 nM is populated at a signal amplitude of 71 RU
for the low-density surface but 148 RU in the high-density surface.
Interestingly, this difference is on the same order of magnitude
as the total in the binding capacity between the two surfaces
(∼80 RU). For this pair of interacting molecules we found that
generation of the higher affinity peak did not depend on whether
the higher surface density was achieved with longer exposure
times of the activated surface or for the same time but with
higher protein concentrations (data not shown).

Discussion

In the present paper, we described an extension of the previously
introduced approach of interpreting families of surface binding
and dissociation traces as the result of populations of surface
sites with a continuous distribution of binding param-
eters.18,27,37-41 Many manmade or biological surfaces naturally
offer heterogeneous populations of surface sites for soluble

(37) Vorup-Jensen, T.; Carman, C. V.; Shimaoka, M.; Schuck, P.; Svitel, J.;
Springer, T. A. Proc. Natl. Acad. Sci. U.S.A. 2005, 102, 1614–1619.

(38) Chen, Z.; Earl, P.; Americo, J.; Damon, I.; Smith, S. K.; Zhou, Y. H.;
Yu, F.; Sebrell, A.; Emerson, S.; Cohen, G.; Eisenberg, R. J.; Svitel, J.; Schuck,
P.; Satterfield, W.; Moss, B.; Purcell, R. Proc. Natl. Acad, Sci, U.S.A. 2006, 103,
1882–1887.

(39) Chen, Z.; Moayeri, M.; Zhou, Y. H.; Leppla, S.; Emerson, S.; Sebrell,
A.; Yu, F.; Svitel, J.; Schuck, P.; St. Claire, M.; Purcell, R. J. Infect. Dis. 2006,
193, 625–633.

(40) Chen, Z.; Earl, P.; Americo, J.; Damon, I.; Smith, S. K.; Yu, F.; Sebrell,
A.; Emerson, S.; Cohen, G.; Eisenberg, R. J.; Gorshkova, I.; Schuck, P.; Satterfield,
W.; Moss, B.; Purcell, R. J. Virol. 2007, 81, 8989–8995.

Figure 2. Analysis of surface binding data from a single class of sites with ligand-induced conformational change fitted with an impostor model
of a koff-KD distribution of sites with pseudo-first-order kinetics. Data are simulated to mimic those from SPR biosensors for surface binding to a
molecule with a low-affinity conformation (kon,1 ) 2 × 105 M-1 s-1, koff,1 ) 0.02/s, KD,1 ) 100 nM) and a high-affinity conformation (kon,2 ) 1 ×
105 M-1 s-1, koff,2 ) 0.0005/s, KD,2 ) 5 nM), initially in an equilibrium favoring by 10:1 the low-affinity state but upon ligand binding shifting with
a rate constant of 0.01/s to the high-affinity state. Two surface site densities were employed, 10 RU (A) and 100 RU (B), soluble ligand concentrations
were 30, 100, 300, and 1000 nM (blue to green), and 0.3 RU normally distributed noise was added. Analysis with the impostor model assuming
a distribution of sites each with simple pseudo-first-order kinetics results in best-fit binding traces as shown in red in A and B and the residuals of
the fit in C and D, respectively. To facilitate critical inspection of the residuals, they are shown twice on different scales. The distribution resulting
from analysis of the data of A and B are shown in E and F, respectively (in the same representation as described in the legend of Figure 1). The
root-mean-square deviation of the fit to data in A is 0.33 RU, and for the fit to the data in F it is 1.87 RU.
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molecules. However, this is true even for specifically function-
alized surfaces: if we imagine proteins free in solution being
monodisperse and in an ensemble of conformations that can be
well characterized in three dimensions by a single set of affinity
and chemical rate constant values, after immobilization to an
intrinsically physically and chemically heterogeneous surface in
potentially multiple geometric configurations, one may not be

able to make the idealizing assumption for the resulting surface
sites to be homogeneous in their analyte binding function.

There is not only substantial structural and functional evidence
from numerous biophysical studies using a variety of techniques
supporting this view, but also from experimental binding data.
We used an SPR biosensor as an experimental tool to study the
binding of soluble analyte molecules to purified proteins
immobilized on a carboxy-methyl dextran layer at the surface.
The physical structure and chemical property of this surface is
rather complex. Commonly, when fitting experimental SPR data
with single-site models, a poor match between the data and the
predicted traces is observed (unless the time and concentration
range is artificially truncated or experiments are conduced at
extremely low signal/noise ratio). In contrast, with the model

(41) Stapulionis, R.; Pinto Oliveira, C. L.; Gjelstrup, M. C.; Pedersen, J. S.;
Hokland, M. E.; Hoffmann, S. V.; Poulsen, K.; Jacobsen, C.; Vorup-Jensen, T.
J. Immunol. 2008, 180, 3946–3956.

Figure 3. Example for application of the Bayesian analysis to an
antibody-antigen interaction. Data show binding of soluble �2-
microglobulin to a surface-immobilized, monoclonal IgG. (A) Experi-
mental binding traces at analyte concentrations of 0.1, 1, 10, and 100
nM (blue to green) and best-fit traces from the Bayesian distribution
model shown in D (red lines). (B) Residuals of the fit, which has a rmsd
of 0.31 RU. To facilitate the critical inspection of the residuals, they are
shown twice on different scales. (C) Distribution calculated with
conventional regularization (in the same representation as described in
the legend of Figure 1). The bold red line indicates the region integrated
to determine KD

* ) 1.22 nM and koff
* ) 1.45 × 10-3/s. (D) Bayesian

analysis using the prior expectation that the region enclosed by the red
line in C consists of a single class of sites. The maximum value of the
distribution is 35 RU at the peak value, with the peak comprising a total
of 64 RU from a total estimated binding capacity of 125 RU.

Figure 4. Microheterogeneity of surface-immobilized antibody. Binding
of an antigen to its monoclonal antibody immobilized on a short-chain
carboxy-methyl dextran surface. (A) Experimental binding traces at
analyte concentrations of 1, 10, and 100 nM (blue to green) and best-fit
traces from the Bayesian distribution model shown in D (red lines). (B)
Residuals of the fit, which has a rmsd of 0.31 RU. (C) Distribution
calculated with conventional regularization (in the same representation
as described in the legend of Figure 1). The bold red line indicates the
region integrated to determine KD

* ) 8.6 nM and koff
* ) 2.4 × 10-4/s.

The dots indicate the grid points for the calculated surface site parameter
distribution (a slightly higher density than in ref 36 was employed,
leading to a better separation of the two partial peaks). (D) Bayesian
analysis using the prior expectation that the region encompassing the
main peaks in C consists of a single class of sites.
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allowing for a continuous distribution of surface site binding
parameters usually very good fits are obtained, consistently
providing rational explanations of the experimental data com-
mensurate with their signal/noise ratio and excellent reproduc-
ibility. In our experience of applying the model to many different
systems we found cases where single peaks appear and other
cases where relatively complex pattern of multiple peaks emerges.
In the present paper we tried to critically examine to what extent
the resulting distributions are a true reflection of the populations
of surface sites.

It is important to note that the continuous distribution model
is not so degenerate as to indiscriminately fit any binding traces.
We have shown previously that under suitable conditions the
continuous surface site model cannot be force fit to binding data
containing unrecognized mass transport limitation27 (although
terms for mass transport limited binding can be incorporated18).
Another model that is of particular interest in some immunological
receptor-ligand reactions and antibody-antigen reactions is that

of a ligand-induced conformational change, which provides an
alternative mechanism to possibly explain multiphasic binding
behavior. In the present work we demonstrated that given data
of moderate or high signal/noise ratio it displays large deviations
from superposition of parallel reactions in the continuous model
developed here, at least if the conformational changes are slow
enough to be observable on the time scale of the surface binding
experiment. This provides an opportunity to rationally discrimi-
nate between the two models on the basis of the fit quality. As
a consequence, for systems where complex binding mechanisms
appear to be at work, one could strengthen the evidence for
complex binding mechanism by ruling out that the data can be
fit, alternatively, with a model accounting for multiphasic signal
through polydispersity of the immobilized sites.

Our data show that even relatively rich patterns of surface
sites such as in Figures 5CD and 6AB are usually highly
reproducible. Therefore, we believe that the particular pattern of
binding sites is a consequence of potentially complex interactions

Figure 5. Reproducibility of the affinity and kinetic rate distributions. Shown are experimental binding data of a monoclonal Fab fragment specific
against an immobilized target antigen protein. Two sets of surfaces were prepared with the same protein batch immobilized under identical conditions
to a CM3 carboxymethyl dextran surface, yielding virtually the same density of active surface sites. The same analyte solutions were applied serially
to both surfaces at concentrations of 2, 20, 200, and 2000 nM, yielding surface binding traces shown in A and B. The corresponding results of the
distribution analysis with Tikhonov-Phillips regularization are shown in C and D, respectively (in the same representation as described in the legend
of Figure 1). The binding parameters for the two highest peaks were KD,1 ) 40 nM with koff,1 ) 3.2 × 10-4/s (27 RU) and KD,2 ) 560 nM with koff,2

) 8.2 × 10-4/s (100 RU) in C and KD,1 ) 61 nM with koff,1 ) 3.2 × 10-4/s (48 RU) and KD,2 ) 620 nM with koff,2 ) 8.4 × 10-4/s (112 RU) in
D. The Bayesian distribution analysis hypothesizing that the two peaks may represent a single site is shown in E and F.
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of the particular surface, immobilized protein, soluble analyte
molecule, and immobilization process.

One simple question is whether an increase in the total amount
of surface immobilized material will generally result in a
proportional increase of all binding sites populations. This would
suggest that the probability of ligand attachment in a certain
conformation and spatial configuration remains constant through-
out the immobilization time. Alternatively, one could imagine
a more dynamic process where the probabilities change with
time or ligand concentration. Obviously, the latter will be true
as the surface will approach saturation. However, still far from
this regime, we found examples of both types of behavior for
different molecules. This could reflect differences in the chemical
properties and/or self-association or clustering behavior of the
ligand (considering the relatively high local concentrations at
the surface even at low RU signals). Our observation in Figure
6CD of a higher affinity population emerging at higher surface
densities could be related to the finding by Zacher and Wischerhoff
(with two-color SPR), suggesting a front of immobilization
moving with time from the outside to the inside closer to the
surface.42 One could speculate that the interior of the carboxym-
ethyl dextran matrix with its higher dextran density may present
a different microenvironment, promoting association for this
particular system. In any case, these data show that one should
be cautious with the expectation that different surface im-
mobilization levels would lead to just more sites with the same
properties. Unfortunately, this assumption has been silently made
frequently in the literature (including our own work2,3), for
example, where variations in the surface capacity are employed
to evaluate the presence of mass transport limitation or attempt

to observe effects of multivalent interactions. With the distribution
model making more details available on the functional distribution
of surface sites, this assumption can now be critically assessed.
It seems that other tests for the presence of mass transport
limitation, such as the variation of the flow rate or injection of
a soluble competitor in the dissociation phase suppressing
rebinding, may be better strategies that could be applied without
requiring multiple functionalized surfaces.

In order to probe the data for more information on the true
presence of microheterogeneity, we implemented a Bayesian
tool that will report, without compromising the quality of fit, the
distribution that is closest to a single class of sites. This improves
on the property of the standard Tikhonov or maximum entropy
regularization to always provide the broadest peaks possible,
which becomes a limitation when asking the question of whether
or not the data itself provides positive evidence of microhet-
erogeneity. For the study of analyte binding to surface-
immobilized proteins that are uniform in solution, using the
Bayesian prior expectation that the surface sites be uniform might
be considered a better implementation of Occam’s razor. A key
feature of this approach is that the pre-existing knowledge is not
entered as a fixed constraint (which would virtually always lead
to a low quality of fit that would statistically need to be rejected)
but that the resulting distribution does have the freedom to add
features to the solution (even those contradicting the prior
knowledge) to the extent that they are essential to explain the
new data. Further, assignment of Bayesian prior expectation for
the surface site properties allows us to actively probe the space
of possible distributions that are consistent with the data.30

When we applied this new tool to the surface binding data in
the present study, we invariably observed that a single class of(42) Zacher, T.; Wischerhoff, E. Langmuir 2002, 18, 1748–1759.

Figure 6. Dependence of the affinity and kinetic rate distributions on the total surface sites density achieved in the experiments. The distributions
from Bayesian analysis are shown in the same representation as described in the legend of Figure 1. (A and B) Binding of soluble monoclonal Fab
(different form that in Figure 5) to its immobilized antigen protein at a low surface density of 1400 RU, leading to a total binding capacity of ∼340
RU (A), and high surface density of 3800 RU, leading to a total binding capacity of ∼700 RU (B). (B and C) Binding of a third soluble monoclonal
Fab to its antigen protein immobilized at a low surface density of 920 RU, leading to a total binding capacity of 381 RU (C), and immobilized at
a higher surface density (1500 RU), leading to a total binding capacity of 464 RU (D).
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sites is insufficient to explain the binding data, even allowing for
contaminating side reactions with far different binding parameters
to be accounted for. This indicates that the environment of the
immobilized sites is heterogeneous and/or the ensemble of
conformations of the attached protein experiences a dispersion
when attached to the surface.

In conclusion, we believe that the method developed here will
be useful to study in more detail than previously possible
fundamental questions of protein surface immobilization and
protein binding to surface sites. Also, we believe that it provides
a tool to address in more detail biological systems with naturally
heterogeneous ensembles of molecules. Further studies are

warranted, for example, to relate different populations of sites
or the presence of microheterogeneity with the changes in the
surface chemistry and polymer support in order to optimize the
properties of the functionalized surface.
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