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The Role of Mass Transport Limitation and Surface
Heterogeneity in the Biophysical Characterization
of Macromolecular Binding Processes by SPR Biosensing

Peter Schuck and Huaying Zhao

Abstract

This chapter presents an introduction to the kinetic analysis of SPR biosensor data for the determi-
nation of affinity and kinetic rate constants of biomolecular interactions between an immobilized and
a soluble binding partner. The need to be aware of and critically test the assumptions underlying the
analysis models is emphasized and the consequences for the experimental design are discussed. The two
most common sources of deviation in SPR surface binding kinetics from the ideal pseudo-first-order
binding kinetics of bimolecular reactions are mass transport limitations and the heterogeneity of the
surface sites. These problems are intrinsic to the use of a biosensor surface for characterizing interac-
tions. The effect of these factors on the observed binding kinetics, and strategies to account for them are
reviewed, both in the context of mathematical data analysis, as well as the design of the experiments and
controls.

Key words: Binding kinetics, affinity distribution, thermodynamics, mass transport limitation,
surface binding, optical biosensor, Tikhonov regularization.

1. Introduction

Since the introduction of SPR biosensing in the early 1990s as
a biophysical technique for studying molecular interactions, it
has gained great popularity and has been used very successtully
in a broad range of applications (1-5). The methodology has
undergone a significant evolution, especially with regard to our
understanding of the physical processes taking place at the sensor

N.J. de Mol, M.J.E. Fischer (eds.), Surface Plasmon Resonance, Methods in Molecular Biology 627,
DOI 10.1007/978-1-60761-670-2_2, © Springer Science+Business Media, LLC 2010

15



16

Schuck and Zhao

surface and in the immobilization matrix. Despite the numerous
pitfalls that were encountered and exhaustively explored when
SPR biosensors were first commercially introduced, many sophis-
ticated SRP studies in the literature since then have established
that SPR technology can be used as a reliable biophysical research
tool, if carefully controlled.

The use of optical biosensors for the characterization of
macromolecular interactions has specific advantages that can be
unique and very powerful.

First, by adjusting the number of immobilized surface sites
the binding signal can be chosen independent of the affinity of
the interaction. This is in contrast to solution methods, which,
in order to ensure the population of all binding partners both
free and in complex, have to be conducted at very low concentra-
tions for high-affinity systems. The SPR signal relies on refractive
index changes in the evanescent field at the surface, and because
the refractive index increment of biomacromolecules is typically
small, relatively high surface concentrations of the immobilized
binding partner are required to achieve good signal-to-noise
levels. However, because the surface concentration is (ideally) not
imposing constraints on the type or strength of interaction that is
to be studied, the label-free study of high-affinity interactions is
possible.

Second, the configuration of one binding partner immobi-
lized in the detection volume, and a second binding partner (the
“analyte”) initially being essentially undetected in the bulk solu-
tion but becoming visible when bound to the surface, allows the
real-time observation of the progress of complex formation. If a
precise, timed control of the bulk analyte concentration is possible
in the SPR instrument, such as provided for by an efficient flow
system or a well-stirred cuvette system, the quantitative interpre-
tation of the kinetics of the binding progress is possible. Besides
the potential for measuring kinetic rate constants, this may allow
estimating equilibrium constants for very slowly equilibrating sys-
tems without reaching equilibrium.

Third, the biosensor surface is essentially a miniaturized affin-
ity chromatography purification system. This has several advan-
tages. It opens the possibility for a wide variety of configurations
for studying multi-protein complexes, a topic of increasing inter-
est (6). Also, at least for small analytes, the elution of material
from the SPR surface lends itself to mass spectrometric identifi-
cation (7-11) (see also Chapter 18 and 19). Finally, the binding
experiment is tolerant to nonreacting contaminants in the sample
preparations.

For these features to be exploited, some difficulties inherent
to biosensing must be overcome. Obviously, there is the need for
one binding partner to be stably attached to the surface. This
raises questions regarding the best strategy of attachment such
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that the binding epitopes are presented in their native state with
unimpeded access for the soluble analyte. This is not trivial, and
goes beyond the question of the choice of immobilization chem-
istry; we have to consider the influence of the whole sensor surface
on the immobilized macromolecule. In fact, as will be outlined
below, we should expect in most cases an ensemble of surface sites
with a spectrum of binding properties to arise from immobiliza-
tion. In addition to artifactual low-affinity sites resulting from par-
tial protein degradation, this can also include microheterogeneity.
Similarly, the surface itself can present low-affinity “nonspecific”
binding sites for the analyte even in the absence of the immobi-
lized binding partner. Further, for some interacting bimolecular
systems the surface itself may constitute a third component pro-
moting or suppressing the complex formation.

Another fundamental problem introduced by the physical
separation of immobilized sites at the surface and the analyte in
the bulk solution is the need to establish efficient mass transfer
between the bulk and the surface. Otherwise the analyte con-
centration near the surface will be different from the bulk con-
centration, exhibiting either a local depletion zone or retention
zone, respectively (dependent on the phase of the experiment),
and characteristic deviations in the binding progress ensue. For
understanding the importance of this effect it is crucial to appre-
ciate that binding and diffusion are coupled phenomena on two
levels. Macroscopically, the more surface sites there are, the more
effective the mass transport needs to be in order to replenish the
analyte drawn to the surface. Microscopically, analyte molecules
can only diffuse while they are not bound, and therefore the effec-
tive diffusion through an array of surface sites proceeds slower
than the diffusion in the bulk. This difference can be of many
orders of magnitude, dependent again on the density and bind-
ing parameters of the surface sites. Therefore, despite the decep-
tively short distances across the sensor surface, analyte concen-
tration gradients may exist and mass transport may be associated
with long-lived moving front phenomena (12, 13). The presence
of low-affinity “nonspecific” surface sites, even if nonspecific and
clearly distinct from the sites of interest, will therefore impact the
mass transfer.

Thus, in order to interpret the observed time-course of the
binding signal as if it directly reflects the properties of the inter-
acting molecules of interest, rather than the physical properties
of the particular surface /flow configuration, or just an average of
an ensemble of proteins with a range of surface-induced confor-
mations, we need to closely examine the physical binding process
taking place. This can be a challenging proposition since we do
not have microscopic knowledge of the surface site distribution
and the local parameters of the physical environment, and we can
only infer indirectly the nature of the process we observe from the



18 Schuck and Zhao

evolution of a single signal. It is crucial to keep in mind this fun-
damental problem of SPR biosensing. Unfortunately, the history
of SPR kinetic analysis exposes a long series of silent or explicit
assumptions about key aspects of the observed binding pro-
cess which were implemented in various analysis approaches, but
turned out to be convenient, yet invalid simplifications. There-
fore, one achieving a correct and reliable interpretation of the data
requires the art of recognizing the silent (or occasionally explicit)
assumptions underlying the different analysis ideas and to criti-
cally question and experimentally test them whenever possible.

A variety of experimental design tools and methods for the
stringent comparison of the measured data with the predictions
from different models are available. This chapter is not meant to
be a formal review, but rather an introduction to highlight exper-
imental limitations intrinsic to optical biosensing fundamentally
arising both from the need of mass transport to the sensor surface
and from the immobilization of a binding partner to the surface.
We discuss strategies to detect these problems and to experimen-
tally minimize their influence on the estimation of the molecu-
lar interaction parameters of interest. We recapitulate robust and
realistic approaches to account for their influence during the data
analysis stage, as well as the limitations of the analytical descrip-
tions. Accordingly, the chapter is structured in three main sec-
tions. We start with the ideal pseudo-first-order binding model,
establishing some of its characteristic features and requirements
for a sensible analysis of such binding data. Next, mass transport
limited surface binding processes are examined in detail, followed
by the description of surface heterogeneity and a discussion of the
relationship between these sources or artifacts. Finally, we draw
conclusions for experimental and data analysis strategy.

2. The First Goal-
Establishing Ideal
Pseudo-first-
Order Binding
Kinetics (or How
the Data Deviate
from this Model)

2.1. Basic Features of
Ideal Surface Binding

It is nontrivial to ascertain that binding is taking place with
ideal pseudo-first-order binding kinetics. In this paragraph, we
will discuss criteria that should be applied to probe the data for
their consistency with this model. From the experience with data
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collected in our own laboratory as well as from the examination of
the literature, we find that, in fact, it is rarely observed (2, 14, 15).
Nevertheless, this process serves as a methodological reference
point as it represents the simplest bimolecular surface binding
reaction. Therefore, it is important to establish its hallmarks and
the requirements for its rigorous analysis. Further, it can be quite
informative to discern the specific features of the data that deviate
from the pseudo-first-order predictions. This will help to diagnose
the process that most likely takes place at the surface.

The pseudo-first-order kinetics describes the surface binding
process where we have a concentration of free analyte, ¢, held con-
stant either by replenishing the surface-bound molecules through
the flow across the surface or because of the negligible number of
surface-bound molecules relative to the total number of analyte
molecules in the reservoir above. The binding progress s(z) then
follows the rate equation:

é = kont(Smax — 5) — kofts [1]
dt

The first term accounts for the binding reaction to previously
unoccupied surface sites (a subset of the total number of sur-
face sites smax) with the rate constant ko, and the second term
accounts for the continuous dissociation of analyte with the rate
constant kqgr due to the finite lifetime of the complex (7 = k;&)
As the binding proceeds and the surface sites fill up, the dissocia-
tion term becomes increasingly more important, until it matches
the association term and an equilibrium or steady state is attained.
The overall time-course is a single-exponential approach of a
steady-state signal. If we apply the analyte starting at the time
tp for a total contact time %, we can integrate the rate equation
and obtain the binding progress in the association phase

5a(6,2) = 5eq(€) (1 - g_(konf‘irkoff)(t—to)) [2]

asymptotically approaching the steady-state response

Smax
Seq(€) = T (Kao) L [3]

which depends only on the equilibrium constant Ka = kon/koff
(or Kp = koft/ kon) (16). After the analyte is removed, we see only
the dissociation of bound analyte from the surface sites, which
causes a single-exponential decay of the signal

Sd(£>t> = 5a<£7tc)5_k0ft(t_tc) [4]
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2.2. Least-Squares
Fitting the
Pseudo-first-Order
Reaction Model to
Experimental Data

An example for the shape of the kinetic binding signal s(c,z)
and the equilibrium isotherm seq (¢) at different concentrations is
given in Fig. 2.1.

This model should be fit globally to the data acquired at dif-
ferent analyte concentrations or flow cells to test whether or
not it is consistent with the data. For this test to be meaning-
ful, not only must all data points (that are free of experimental
artifacts) be included, but also the experiment must be carried
out such that the experimental data actually contain the required
information.

Obviously, the most important parameter is the signal-to-
noise ratio, which we recommend to be at least on the order of
~100. For much smaller signals, such as those proposed in (17),
the data may be fit with certain models (possibly even generating
acceptable statistical error intervals for the question under study)
but the validity of the models cannot be tested with confidence, as
shown in (18, 19). In the extreme case, any model will fit in rea-
sonably well to data that have amplitudes not much higher than
the noise.

Regarding the quality of fit, there has been some uncertainty
in the SPR field about what constitutes an acceptable fit. This
is not unexpected for a new technique, since we have to make
some allowance for unavoidable systematic errors, such as baseline
drifts, injection artifacts from buffer changes, temperature and
pressure fluctuations, and only experimental experience allows
us to make these unavoidable judgments. However, experimen-
tal SPR technology has matured, and it has become clear that
SPR data are usually highly reproducible, and one should apply
the same stringent requirements as is custom in most other bio-
physical disciplines: When looking at the residuals (i.e., the dif-
ference between the fit and the data), they should be distributed
uniformly and have a magnitude on the order of the noise of the
data acquisition. We have shown recently that after accounting for
surface site heterogeneity, kinetic SPR data can in fact usually be
modeled to that level of detail (see below). An example is shown
in Fig. 2.2.

If the model does not fit, especially if the deviations appear
nonrandom, we have to conclude that the model used does
not correctly capture the process observed in the experiment.
From common sense, it seems that very small deviations would
affect mostly the details of the analysis and perhaps widen
the error intervals or slightly bias the parameter estimates,
whereas substantial deviations should be expected to render
the derived “best-fit” parameters entirely meaningless. Unfortu-
nately, this judgment is difficult to quantify mathematically or
statistically.
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Fig. 2.1. Surface plasmon resonance biosensor signal ideally expected for a simple 1:1 interaction with pseudo-first-
order kinetics, in different experimental configurations: (a) This is a superposition of sensorgrams in the kinetic con-
figuration most commonly used, where the association/dissociation cycles at different concentrations are separated by
regeneration steps. The data shown are generated for the binding of molecules with a Kp of 10 nM (kon = 1.0 x 100
M~"s™" and ko = 1.0 x 1073 s™) probed with a range of analyte concentrations (0.3 nM navy, 1 nM blue, 3 nM cyan,
10 nM green, 30 nM orange, 100 nM red, and 300 nM dark req). In order to approach more closely the equilibrium signal
at the lower concentrations, the contact time for the lowest concentration cycles is increased. The inset shows an alter-
native kinetic titration configuration in which the signal from bound material is continuously accumulated by applying
a stepwise increased analyte concentrations, followed by only a single dissociation phase. This has the advantage of
not requiring a regeneration step, but at the cost of lower information content (see text). The colors of the curve depict
the equivalent concentrations as the main plot. (b). The equilibrium binding constant can be determined independent of
the kinetics, by evaluating the extrapolated steady-state signals as a function of concentration (filled circles), using the
same color scheme as in (a), which follows a Langmuir isotherm (solid line). The dotted line presents an isotherm from a
solution competition assay, in which the sample solution contains analyte at a constant concentration (at 2 x Kp) mixed
with a varying concentration of soluble ligand competing for the surface sites (see Chapter 6). This strategy utilizes the
SPR surface sites to report on the remaining free analyte in solution for the different mixtures applied in the flow and
yields binding constants for the interaction in solution. It can be combined with an empirically constructed calibration
curve of SPR binding signal vs. free analyte concentration. In this latter configuration, no assumptions on the property of
the surface binding sites are necessary.
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Fig. 2.2. Typical example for the inability of single-site model in describing the surface binding data, due to the presence
of heterogeneity of binding sites on the surface. This is binding of an antigen to its monoclonal antibody immobilized on
a short-chain carboxymethyl dextran surface. For details, see (19). (a) Experimental binding traces at analyte concen-
trations of 1 (navy), 10 (blue), and 100 nM (green), best-fit traces using the surface site distribution model (solid yellow
line), and best-fit curves from a single-site model (dashed red line). (b) Residuals of the fit from the single-site model,
with an rmsd of 3.42 RU. (¢) Residuals of the fit from the Bayesian distribution model shown in (d), with an rmsd of 0.31
RU. (d) Affinity and rate constant distribution calculated using the Bayesian analysis to obtain the distribution closest to
a single class of sites with average parameters (encircled by the red dashed line). The distribution is depicted as a color
temperature contour plot, with the colors indicating the signal values shown in the color bar at the right. Also shown
in the distribution plot are the concentrations applied in the experiment (vertical gray lines), and the rate constants that
could be well characterized within the experimental dissociation time (horizontal gray lines).
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2.3. Qualitative There are qualitative requirements the data must fulfill in order
Features of to satisty convincingly the test for pseudo-first-order binding (and
Pseudo-first-Order to allow a global fit with the pseudo-first-order binding model).
Binding Kinetics and These are related to certain characteristic features of pseudo-
Consequences for first-order binding kinetics, some of which can be tested quite
Conducting easily even by visual inspection or back-of-the-envelope calcu-
Experiments lations (20). They may help us gain confidence in the overall
interpretation.

First, both the association and the dissociation processes are
single exponentials. Apparent multi-exponential behavior in both
is an unequivocal sign of more complex binding reactions involv-
ing multiple sites or multiple states, or of mass transport limitation
(see below). In order to establish that the data are single expo-
nential and to enable us measuring the exponent (i.e., the rate
constants), it is essential that the data exhibit curvature. Gener-
ally, one could say that it is the curvature in the data that contains
most information for the analysis with most models. For an expo-
nential process to be well defined, the observation time should be
on the order of several-fold the characteristic decay time (or life-
time) 7, which is here T = (konc + koge) ™! for the association phase
and 7= ko ! for the dissociation phase. This may not always be
possible in practice, especially for slowly dissociating complexes.
However, this should be kept in mind as a goal in the experimen-
tal design, and as a caveat in the data interpretation of shorter
experiments. Truncations of the data set beyond the regions of
artifacts from bufter changes destroy information and should be
avoided. An example for how a poorly designed, arbitrarily trun-
cated data acquisition time can lead to a misinterpreted binding
process is shown in Fig. 2.3.

As can be recognized from Eq. [2], the association attains
steady state with a rate constant that is dependent on concen-
tration, following kops(c) = konc + kogr. Consistency with this
linear concentration behavior will be apparent in the global least-
squares fit of the data. Linearization of Eq. [2] and separate anal-
ysis of kops (¢) and kogr can lead to significant errors and frequently
rather arbitrary results (in particular when combined with short
data acquisition or data truncation). Since the association pro-
ceeds to steady state more slowly at lower concentrations, it is
advisable to extend the experimental contact time for the asso-
ciation/dissociation cycles with these concentrations (Fig. 2.1).
This not only improves the kinetic information content of the
lower concentration data, but also allows to better determine the
steady-state response (see below).

The dissociation phase is characterized by a single dissociation
rate constant, independent of the analyte concentration that was
applied in the preceding association phase. This is due to the fact
that the binding sites and complexes have no memory of their
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Fig. 2.3. Demonstration of how the arbitrary truncation of the data acquisition can lead to qualitative misinterpretation
of the binding kinetics. Shown are Kinetic binding signals of myoglobin binding to immobilized antibody. (a) Roden and
Myszka (58) used this model system in their study aimed at demonstrating that SPR surface binding data follow simple
bimolecular binding to a single class of sites, without complications arising from factors such as the immobilization matrix
and mass transport. They developed an experimental design that uses analyte at four concentrations and is restricted to
acquire association data for only 42 s. The data shown in (a) are very similar to those presented by Roden and Myszka,
and lead to binding rate constants of ko = 1.9 x 10° M~'s™", ko = 3.98 x 10~* s~ very close to those reported by
Roden and Myszka of kon = 1.94 x 109 M~'s™, ky = 4.70 x 1074 s~ Indeed, a good fit is achieved with this model.
However, the low degree of curvature in the kinetic traces severely limits the information content. (b) Binding data using
a more informative experimental design that features a considerably longer association phase and an extended range of
analyte concentrations. Here, the global kinetic analysis using the pseudo-first-order model (dotted line) does not lead
to an acceptable fit, as it is unable to describe the slower binding phase that becomes apparent at contact times >50 s.
Since the data are from the same surface, it clearly shows that the restricted data collection in (a) led to the gross
misinterpretation of the data. (¢) An equilibrium binding isotherm using the equilibrium titration method described in (21)
and obtained from the same surface reveals a biphasic isotherm, which cannot be explained on the basis of a single
class of sites (dotted ling), but can be modeled well with two classes of sites (solid /ine). Best-fit parameters are Kp 1 =
1.4 nM (63%) and Kp » = 79 nM (37%). For details, see (21).

history. Therefore, the overlay of the dissociation traces, when
adjusted for baseline offsets and aligned at the start of the disso-
ciation phase, should lead to curves that do not intersect. For the
same reason, experiments conducted at different contact times
for the analyte during the association phase should be followed
by dissociation phases exhibiting the same dissociation rate, inde-
pendent of contact time.

Finally, the steady-state values that are asymptotically attained
at long association times, to the extent that they can be estimated
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from the experimental data, should follow an isotherm as indi-
cated in Fig. 2.1b. Half-saturation is obtained at ¢ = Kp, and 10
and 90% saturation at 0.1-fold and 10-fold Kp, respectively, and
naturally, the Kp estimate from this isotherm should be identi-
cal to the ratio kofr/kon from the analysis of the binding kinet-
ics. These are checks for self-consistency which frequently can be
applied quickly (20). Again, a global least-squares fit will constrain
the model to be internally consistent.

For both the binding isotherm analysis as well as the anal-
ysis of the binding kinetics, it is highly desirable that a range
of analyte concentrations be used, starting from well below Kp
up to 10-fold Kp. Clearly, if the concentration range that pro-
duces saturation of the surface sites is not accessed experimen-
tally, the estimated saturation signal will be correlated with the
Kp estimate in the data analysis. Further, at concentrations below
Kp, many kinetic processes other than pseudo-first-order binding
will exhibit traces very similar to the expected single-exponential
asymptotic attainment of a steady state, and the incorporation of
higher concentration data will enable better discrimination of the
binding process. If the steady-state binding data cover a wide
enough concentration range, the equilibrium constant may be
determined without reference to the binding kinetics, which may
be helpful if no simple model explaining the binding kinetics can
be found. Experiments at a single concentration will neither reveal
good estimates of kinetic rate or equilibrium constants, nor allow
conclusions on the type of binding process observed, nor allow us
to diagnose the presence of artifacts.

Many of the historic methods proposed when SPR technol-
ogy was first introduced to the study of macromolecular interac-
tions did not require or were in conflict with some of the above
criteria. Nevertheless they generally implied a priori assumptions
that the binding process is a pseudo-first-order reaction. How-
ever, with the overwhelming evidence accumulating that most
experimental SPR kinetic data do not actually follow this model,
the need has become obvious to demonstrate that the binding
model actually applies. Only in this case can one verify that the
numbers obtained are meaningful in that they really reflect molec-
ular parameters of interest. On the other hand, if the data are col-
lected and analyzed according to these criteria, this will not only
help establishing that a simple first-order binding kinetics takes
place, but also help in the characterization of binding processes
that are more complicated.

Alternative experimental configurations have been pro-
posed, including the continuous accumulation of bound material
obtained in a stepwise increased analyte concentration, followed
by only a single dissociation phase (Fig. 2.1a inset). This idea was
first introduced by us in the context of equilibrium titration with
circulating sample (21). One obvious advantage is that of saving
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2.4. Deviations from
the Pseudo-first-
Order Model

time (since no dissociation takes place in between the application
of different analyte concentrations, and due to the slightly shorter
association phases needed during the application of each but the
first concentration). In the conventional linear flow configura-
tion, the total analyte amounts required can be reduced slightly,
although the saving can be more substantial in the configuration
with circulating (21) or oscillating sample (22). The biggest prac-
tical advantage in most cases is certainly the absence of a surface
regeneration step in between the association phases.

A disadvantage of this configuration is the loss of information
in the association kinetics: It is easy to see that with small con-
centration increments, the approach to the new steady-state level
will be close to exponential even in highly mass transport limited
cases. In contrast, in the conventional configuration of multiple
association /dissociation cycles, the application of concentrations
greater than Kp can exhibit the linear initial association kinetics so
characteristic for mass transport limited binding (see below). The
dissociation phase, unfortunately, is not as discriminatory, since in
mass transport limited cases it will resemble a double-exponential,
which could be caused by many processes. The loss of informa-
tion will be compounded when the individual steps do not lead to
close attainment of steady state, as in the variation of the titration
method proposed by Karlsson and coworkers (23). In this case
characteristic information on the nature of the association phase
kinetics as well as on the equilibrium constants may be destroyed
by the experimental design.

As mentioned above, it is rare that the SPR surface binding data of
protein—protein interactions actually meet the criteria for pseudo-
first-order binding. The most commonly observed deviation from
the ideal pseudo-first-order binding includes a slow signal increase
in what should ideally be a steady-state signal at high analyte con-
centrations. This can arise, for example, from heterogeneity of the
surface sites or heterogeneity of the analyte. Another widespread
feature is the lack of saturation of the steady-state response as
a function of concentration, which points to the existence of
weaker, possibly nonspecific binding sites. Finally, partially linear
association signals are frequently observed, a signature of mass
transport limitation.

Some experimental factors can introduce systematic errors,
such as baseline drifts and the need to subtract signals from bulk
effects measured on reference surfaces (24, 25). The magnitude
of these effects needs to be experimentally assessed for the sur-
face under study in the reaction conditions, and the experimental
design and the data to be analyzed should be chosen such as to
minimize these effects.

Before proceeding to review methods to address surface site
heterogeneity and mass transport limited binding, we also have to
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assume in the following that we can rule out multivalent surface
attachment of analyte. Multivalent surface attachment could be
caused, for example, by small populations of analyte oligomers, or
by the presence of more than one binding epitope on the analyte
molecule capable of binding simultaneously to the immobilized
binding partner at the surface. In these cases, a fraction of surface-
bound molecules may undergo a second binding event with a
nearby binding site. This subpopulation will experience a dramat-
ically different dissociation kinetics, since now both attachments
have to be severed simultaneously in order for the analyte to
become free. In many cases, this makes the binding virtually irre-
versible on the timescale of the experiment, and consequently this
analyte fraction will continuously accumulate at the surface and
may be substantially overrepresented among the surface-bound
analyte relative to its abundance in the bulk analyte flow. Unfor-
tunately, since there is no knowledge of the distribution of sur-
face sites and their local mobility in the immobilization matrix,
which would govern the likelihood for multivalent attachment,
it is impossible to realistically interpret such binding kinetics
(26, 27). (Although one can write more or less sophisticated
binding equations, they have to rely on detailed knowledge of the
physical properties of the surface and the immobilization matrix,
requiring parameters that are not known at all; or not with any
degree of confidence. Alternatively, they are so oversimplified to
yield, in our opinion, essentially meaningless best-fit parameters.)

In principle, multivalent surface attachment can be mini-
mized experimentally, for example, by chromatographic removal
of the analyte oligomers that are present at least in trace amounts
in many or even most protein preparations (28-30) and/or by
verifying analytically the absence of oligomers by sedimenta-
tion velocity analytical ultracentrifugation (31). More difficult are
cases where the analyte exhibits reversible self-association, either
free in solution, or promoted by the high local macromolecular
concentration inside the immobilization matrix (if used). If there
is any known tendency for the analyte to exhibit such oligomer-
ization, it cannot be used in quantitative kinetic SPR experiments
as the mobile binding partner, and the role of mobile and immo-
bilized binding partner should be reversed. If both binding part-
ners exhibit the potential for multimerization, SPR surface bind-
ing cannot be used to assess quantitatively the molecular binding
parameters, and instead solution binding assays are required (see
Note 1).

If the above criteria for data collection have been fulfilled, for-
tunately, the binding of (partially) multivalent analyte should not
be correlated much with the binding kinetics to multiple inde-
pendent surface sites, and with mass transport limited binding.
The unrecognized presence of multivalent analyte will degrade
the quality of fit with the latter models, or vice versa, an excellent
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fit with the surface heterogeneity and/or mass transport limited
model (to suitable data sets) suggests the absence of multivalent
analyte.

If the kinetic surface binding data deviate from the pseudo-
first-order binding, which is the case in the overwhelming major-
ity of protein—protein interactions encountered in our labora-
tory and in the literature, one possible way to proceed is the
postulation of more complex chemical interaction schemes, such
as conformational change or multisite models. We believe that
most experimental data sets that have a concentration-dependent,
monotonically increasing signal in the association phase and a
monotonically decreasing signal in the dissociation phase can
be force-fitted with one or more sufficiently complex reaction
schemes (32), simply because the shape of the experimental bind-
ing progress curves is not very rich in information. However,
whether or not these models reflect correct process taking place
cannot be answered easily. Following the principle of Occam’s
razor — which recommends us to interpret the data with the sim-
plest possible model — would lead us not to invoke complex reac-
tion schemes, but to probe first whether common surface-induced
artifacts can explain the shape of the data and whether a model
accounting for these effects can yield estimates for the bind-
ing parameters for pseudo-first-order chemical reactions. Further
confidence can be gained with the application of experimental
tools that can establish qualitatively the key aspects of the model,
such as the variation of the analyte contact time in the association
phase, the variation of flow parameters, immobilization protocols,
and different competition assays (33).

The surface site heterogeneity and the mass transport limita-
tion model will be described in the following with respect to their
potential and limitation for estimating molecular binding param-
eters, and with their corresponding experimental tools.

3. The Influence
of Mass Transport
on the Binding
Kinetics

3.1. Physical Picture

Mass transport limitation (MTL) is caused fundamentally by the
analyte and the surface sites initially being located physically at
different points. In any surface binding experiment, this brings
about the necessity to transport the analyte to the surface in
the association phase, and to transport it away from the surface
in the dissociation phase. As we will see, MTL problems in the
association and dissociation phases are of the same magnitude,
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analyte flow (@)

Fig. 2.4. Cartoon depicting the effect of limited mass transport on the analyte concen-
tration. (a) In the association phase, limited mass transport causes the analyte close to
the surface to be bound more quickly than it can be resupplied by the bulk analyte flow.
This creates a depletion zone of analyte at the surface, resulting in ¢ (concentration of
analyte close to the surface) lower than ca (concentration of analyte in the bulk). (b)
In the dissociation phase, limited mass transport leads to the retention of analyte close
to the surface, whereby analyte rebinding to empty surface sites occurs before it can
migrate to the bulk flow.

even though they show in different ways. Under MTL conditions,
in the association phase a depletion zone will be caused (¢ < ¢p)
where the local concentration is lower than the target in the bulk
(Fig. 2.4a), whereas in the dissociation phase a retention zone is
present close to the surface sites (¢ > 0), that allows dissociated
analyte molecules to rebind to empty surface sites before they
can escape into the bulk flow (Fig. 2.4b). These concentration
gradients (relative from surface to bulk) diminish continuously
with time as steady state is attained. Unless the lifetime of these
gradients is much faster than the timescale of the chemical kinet-
ics, they will have profound influence on the observed binding
kinetics.

One can distinguish MTL on different length scales, and each
can be the rate-limiting step causing MTL (2) (Fig. 2.5). First,
there is the macroscopic transport, which may be accomplished,
for example, by a conventional pressure-driven flow system, a
stirred cuvette system, a manual pipette-type probe, or other
more sophisticated configurations, such as exploiting electro-
osmotic flow (34). Since the pressure-driven laminar flow system
is the most commonly employed, such a system will be assumed in
the following. Our macroscopic experience suggests that in order
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Fig. 2.5. Schematics depicting the different possible physical origin of mass transport limitation (2). (a) The first macro-
scopic step is the transport through the microfluidic system and is dependent on the bulk flow rate. (b) The diffusion
through the non-stirred boundary layer in laminar flow depends on the bulk flow rate, flow cell geometry, and the diffu-
sion coefficient of the analyte in the bulk solution. If a polymer support, such as the common dextran matrix, is applied,
the analyte partitions into this matrix. This depends on the size and chemical properties of analyte and polymer matrix.
(This step is not a transport step per se, but reduces the analyte concentrations and concentration gradients in the matrix,
leading to lower transport.) (¢) The diffusion through the immobilization matrix depends on the size and charge of the
analyte, thickness and density of the dextran matrix, the diffusion coefficient of the reactant in polymer solution and close
to surfaces, the spatial distribution of surface binding sites, and on nonspecific binding properties.

to adjust the analyte concentration in the flow-cell volume to a
certain target concentration ¢y, we should ensure that it be rinsed
with at least several times its volume. As examined by (35, 36),
this imposes minimal flow velocities for the observation of bind-
ing reactions with high kqg.

Second, we can consider the properties of the laminar flow
across the surface. The ordinary nonslip boundary conditions will
cause a non-stirred liquid layer through which the analyte must
transport by diffusion (37). Laminar flow-assisted transport to
a reacting surface has been well studied in hydrodynamics and
chemical kinetics, and simple approximate expressions for the
effective molecular transport rate dependent on the flow geome-
try and the molecular diffusion coefficient are available (38). Most
importantly, they show that the transport rate constant changes
with the cube root of the flow velocity, i.e., in order to double the
transport rate through the stagnant layer an eightfold increase in
flow velocity is necessary.

Finally, the perhaps most intriguing transport step is the
microscopic transport through the sensing volume itself. Most
commonly, a hydrophilic polymer matrix is employed as immo-
bilization support and for suppressing nonspecific binding,
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often consisting of several hundred kDa carboxymethyl dextran
randomly attached to the surface (39). The thickness of such a
matrix is estimated variously to be only on the order of 100-
400 nm (40, 41). We have shown experimentally and theoreti-
cally that it also can be the rate-limiting step of transport, depen-
dent on the surface properties and the properties of the interact-
ing macromolecules (12). Key to the propagation of free analyte
in the matrix is the recognition that it does not proceed with
bulk diffusion coefficients, but instead has to be regarded as a
coupled reaction/diffusion process (42). Mass transport limited
binding and binding limited mass transport are two sides of the
same physical phenomenon. Since analyte molecules can only dif-
fuse during the time they are not bound to the surface sites (be
it the specific sites of interest or other, perhaps, nonspecific sites)
we can estimate the order of magnitude of an “effective diffusion
constant Deg”, that is, the bulk diffusion constant Dy reduced by
a factor Tee/Thound reflecting the time-average state the analyte
is unbound. We can estimate the order of magnitude of this fac-
tor from the steady-state condition via the ergodic theorem, and
approximate this factor as the ratio of the population average of
free and bound ¢gee/ chound analyte states in the matrix. Since typ-
ical SPR signals of 100 x 107 refractive index units (~100 RU)
require on the order of ~1 mg/mL concentrations in a ~100 nm
thick matrix, the number of surface sites in the detection vol-
ume is very high, for example, ~100 uM for a 10 kDa protein.
When studying high-affinity reactions with Kp < 10 nM, analyte
molecules will spend most of the time in the bound state, and
therefore the effective diffusion coefficient can be lowered eas-
ily by a factor 10%, which brings the diffusion time through the
detection volume from the fraction of a millisecond in free solu-
tion to in the order of seconds in the presence of surface sites. Any
transient binding will delay diffusion, not only binding to specific
sites; nonspecific interactions can likewise significantly exacerbate
this effect and further reduce diffusion (15) (see Note 2). Matrix-
mediated transient interactions should be strongly dependent on
the macromolecules of interest, as well as pH and ionic strength
of the buffer.

Further, besides the fundamental problem of diffusion
through an array of sites, if a polymeric immobilization matrix
is used, the physical properties of the matrix itself hamper the
mobility of the analyte. There is partitioning of analyte into the
matrix, which will reduce the concentrations and diffusion fluxes
(although not the equilibrium response due to the proportion-
ally higher analyte chemical activity) and restricted diffusion due
to the presence of the carbohydrate chains and immobilized pro-
teins (43). (It seems possible that under some circumstances the
immobilization of proteins into the matrix by random chemistries
may lead to its cross-linking.)
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3.2. Effect on the
Observed Binding
Kinetics

Because the detection volume extends quite some distance in
transverse direction parallel to the flow, a problem of the surface
binding reaction coupling to diffusion will exist in a similar form
for a flat, truly two-dimensional surface, here reducing the effec-
tive transverse diffusion in the stagnant boundary layer. Finally, it
has been shown that near a surface the basic hydrodynamics of
macromolecular diffusion is altered, resulting in reduced mobility
irrespective of the presence of a matrix (44).

As a consequence, when considering this microscopic step,
we have to take into account the full three-dimensional distri-
bution of the surface sites and the density distribution of the
matrix, which is most certainly not uniformly perpendicular to
the surface (45) and also dependent on electrostatic and steric
interactions (46) that may change with buffer conditions. Unfor-
tunately, the complexity of the matrix and the level of detail
needed on the distribution of the immobilized surface sites make
an analytical model very difficult. However, this does not pre-
clude us from making theoretical predictions for certain plausible
parameters and to study the features of MTL for simplified model
systems.

Given all the unknowns and their paramount influence on the
extent of MTL, it is very difficult to predict a priori the chemical
on-rate constants where MTL will become relevant. From prac-
tical experience, one should consider the possibility of MTL for
reactions with ko, greater than 105 /Ms, although even slower
chemical kinetics may be mass transport limited under unfavor-
able conditions. One problem with this assessment is, however,
that generally the chemical rate constants are not known inde-
pendently, and obviously the apparent rate constant estimates
obtained from the SPR biosensing themselves cannot be trusted
since under MTL conditions they may be significantly too low
(see below).

At the most basic conceptual level, we can use a two-compartment
model to account for the fact that there are different regions in
space with different analyte concentrations, and that there can
be transport between these regions (47). More specifically, we
can postulate that there is a region “close to the surface” with
analyte concentration cg,r and the region “far from the surface”
where the analyte concentration is that of the bulk, and that the
transport is governed by a rate constant k. Binding then pro-
ceeds locally as indicated in Eq. [1], but at the surface analyte
concentration cg, . This leads to a combined rate equation for
compartment-like transport and binding;:

Acgyr, .
_;; f = ktr(f - £surf) - d_i

a
pl_'; = kon Csurf(Smax — §) — kofts

[5]
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(see Note 3). It is important to realize that this model only
provides a limited view of mass transport effects because each
compartment is assumed to be instantaneously well-mixed (see
below). However, the two-compartment model is useful as a first-
order approximation, to the extent that we could always “dis-
cretize” an existing small concentration gradient into two homo-
geneous regions separated by a single concentration step (and
analogously, #-compartment models could model the concentra-
tion gradients with (z — 1) steps (13)).

This approximation allows us to predict some of the essen-
tial features of MTL. As illustrated in Fig. 2.6, MTL causes both
the association phase and the dissociation phase to exhibit slower
kinetics. In the association phase, the binding progress deviates
from the exponential toward an initially more linear approach of
steady state. In contrast, the dissociation phase shows greater cur-
vature at signals close to saturation, mimicking the existence of a
fast phase and a slow phase. We emphasize that this is, here, not
due to the presence of a second class of sites, but purely a conse-
quence of mass transport limited binding. If the binding level is
less than approximately half-saturation, qualitatively only a slow
phase seems to appear.
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Fig. 2.6. The effect of limited mass transport on the surface binding kinetics. Mass
transport limitation is gradually added to the same theoretical model system as shown in
Fig. 2.1: log10(ky) = 8.48 (dotted lines), log10(ky,) = 7.0 (dashed lines), and log10(ky,)
= 6.30 (solid lines). With increasing mass transport limitation (lower transport rate con-
stant k), both the association and dissociation phases exhibit slower kinetics. In the
association phase, due to the local depletion zone at the surface, slower and more con-
vex binding progress curves are expected. In the dissociation phase, when the rate of
dissociation is higher than the transport rate, a nonvanishing concentration of analyte in
the vicinity of the sensor surface allows rebinding to empty surface sites. The retention
effect results in a slower overall dissociation from the surface and to apparent biphasic
decays, in particular when the dissociation is started from close to saturation.
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On a more quantitative level, the so-called steady-state
approximation yields further insights. Since the surface concen-
tration will quickly assume a steady state with deg,r/dt being
approximately zero (i.e., all materials arriving in the surface com-
partment from bulk will be used up for new binding events), we
can insert this in Eq. [5] and arrive at the picture of apparent rate
constants

% = k(ggp)fo(fmax — (1)) — kg}?p).f(t)

B _ kg 1 [6]
kon T kot T [kon(smax — S(t))]
1+ fro

Although Eq. [6] formally looks like the ideal rate Eq.
[1], both rate constants are reduced by a factor that grows
with kon (smax - s(t)) / ke, 1.¢., is dependent on the occupation
of the surface sites and changes with time. We can interpret
kon (.Ymax — s(t)) / ke as the probability of analyte binding to the
empty surface sites relative to the probability of transport. In
the dissociation phase, this can immediately be reconciled with
the picture (Fig. 2.4b) showing the retention of analyte close to
the surface due to rebinding before the analyte can escape. Anal-
ogously, in the association phase the same factor describes the
magnitude by which the surface sites themselves represent sinks
for analyte preventing cq, f to be raised uniformly to the level of
0. Thus, the magnitude of the effect of MTL on the apparent
on-rate constant and the apparent off-rate constant is the same,
although the effect on the shapes of the profiles is different (see
Note 4). The compartment model can be extended to models
with multiple compartments and multiple surface sites, and we
have shown that under steady-state conditions more general equa-
tions analogous to Eq. [6] can be derived.

We can see from Eq. [6] also that, under conditions of vir-
tual saturation of all sites, the binding process evolves with rates
close to the true chemical rate constants (se¢e Note 5). This is
consistent, again, with the picture introduced above of binding
(to open sites) limiting the transport, therefore causing MTL or
rather limited mass transport. On the other hand, for experimen-
tal configurations that include only concentrations lower than
Kp, the fractional saturation will never exceed 50%, such that
the ratio %oy (Smax - s(t)) / ke will not change during the course
of the binding experiment by more than a factor of 2 (although
the influence of MTL could be arbitrarily large). Therefore, the
MTL binding processes take on shapes more similar to the ideal
pseudo-first-order model Eq. [1]. For this reason, the shape of
the binding signal itself is not sufficient to rule out the influence
of MTL. (This also highlights again the need for analyte concen-
trations far above Kp.)
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It also follows from Eq. [6] that kﬁ,“r{’*’ )< - (xmax - x(t))_l,
which means that the fractional saturation reached in the exper-
iment and the transport rate constant impose an absolute upper
limit on the apparent rate constant that can possibly be observed
in SPR biosensing, irrespective of the true chemical rate constant
(see Note 6).

As useful as they are, it is important to recognize that the
use of compartment models is highly oversimplifying the phys-
ical situation. As mentioned above, if we equate the compart-
ment with physical regions, the spatial parameters within these
regions are ignored, since the compartments are well-mixed
within. As a consequence, compartment models are not appli-
cable, for example, where the microscopic step of the transport
creates significant concentration gradients within the sensing vol-
ume, which will occur in the more severely transport-influenced
binding processes. In fact, due to the very nature of a coupled
reaction /diffusion processes, the formation of concentration gra-
dients propagating as moving fronts is a hallmark of the bind-
ing process. Such moving fronts of saturation would violate the
steady-state assumptions going into the approximation of Eq. [6]
(even in more refined multi-compartment models).

That moving fronts of saturation can be present in SPR sur-
face binding has been experimentally verified in three different
ways. The first exploits that across the sensing volume the sen-
sitivity of the SPR biosensor is not uniform: laterally it is deter-
mined by the shape of the spot being optically interrogated, and
perpendicular to the surface it is governed by the evanescent field
exponentially decreasing with increasing distance from the sur-
face. Thus, if'a moving front of saturation occurs during the asso-
ciation phase, as it moves from the outer regions to the more
sensitive inner regions (either laterally or perpendicular to the sur-
face), it will create binding signals with increasing slopes. These
have been widely observed (Fig. 2.7) (12, 13), and are difficult
to explain with chemical kinetics, even with cooperative binding
models. Second, in the experiment we can stop this front of satu-
ration by shutting off the analyte supply and switching to the dis-
sociation phase. If this is done at a point in time when the front
is located at a steep gradient of sensitivity, the slow effective dif-
fusion within the matrix of binding sites will transport some ana-
lyte from the saturated front into the array of empty sites located
ahead in the more sensitive regions, thereby creating an increas-
ing signal component during the dissociation phase — i.e., with-
out net introduction of new analyte to the sensor surface! Sim-
ulations of this effect showed that this signal increase can even
match or be larger than the loss of signal from the effective dis-
sociation rate (which is slowed due to retention from rebinding)
(12). This causes a signature of highly MTL influenced dissocia-
tion with slowly decreasing signals following high saturation, but
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Fig. 2.7. lllustration of spatial concentration gradients in the sensing volume during
mass transportation limitation influencing the surface binding kinetics by creating char-
acteristic, counterintuitive artifacts (13). HyHel-10 mAb is immobilized to a long-chain
carboxymethyl dextran matrix (CM5 chip), and binding of 10, 20, and 60 nM (bottom
to top) soluble antigen (hen egg lysozyme) is observed at a flow rate of 5 wlL/min. To
highlight the sigmoid-shaped binding curve with increasing slope that arises when a
moving front of saturation enters more sensitive regions, a straight (dotted) is plotted
for comparison. The inset shows the dissociation traces after incomplete association
in enlarged scale. The increasing signal in the dissociation following the application of
the 10 nM sample stems from the slow decay of concentration gradients within the
inhomogeneous sensing volume.

increasing signals following partial saturation. Typical experimen-
tal profiles can be found in the literature (12), and an example
studied in our laboratory is shown in Fig. 2.7. Third, the forma-
tion of moving fronts of saturation during the electrostatic pre-
concentration of BSA during the immobilization process has been
directly observed with two-color SPR (48), which allows to probe
the binding progress in different zones perpendicular to the sur-
face by virtue of the different penetration depths of the evanescent
fields of the different wavelengths.

It is important to realize that for severely mass transport lim-
ited binding processes with moving fronts the density distribution
of surface sites relative to the sensitivity profile of the detection
will have a paramount influence on the observed binding profiles.
For example, it a majority of sites are at locations of low sensitiv-
ity and easily accessible (such as at the top of the immobilization
matrix), and a minority of sites are at locations of high sensitiv-
ity but require significant additional analyte transport time (such
as in the interior of the immobilization matrix), kinetic binding
traces may arise under MTL conditions that deviate from the
linear initial phase in the association and instead exhibit more
convex shapes in the association phase with some similarity to
biphasic exponential binding (15).
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Experimentally

for Mass Transport
Limitation
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As indicated above, the extent of MTL is difficult to predict a pri-
ori for any given system, since it will depend so much on matrix
(or surface) /analyte interactions that are hard to quantify, in addi-
tion to the true intrinsic binding rate constants that are generally
unknown. Therefore, experimental tools are of critical importance
for the detection and moderation of MTL.

An obvious but not very effective way to detect MTL is the
variation of the flow rate (see, for example, Fig. 2.8). If a change
in the analyte and buffer flow rate in the different experiment
phases, respectively, results in differences in the observed surface
binding kinetics, MTL is unequivocally demonstrated. Unfortu-
nately, the reverse is not true. As mentioned above, the effective
transport rate & in the laminar flow depends only on the cube
root of the flow rate, which requires very large changes in the
flow rate and concomitantly very large increases in the applied
volumes (which may be a limiting factor). Further exacerbating
this problem is that, as shown in Eq. [6], except for completely
mass transport limited cases, we should not expect a change in
kﬁ;‘}{’ P) or kf)af};p) to be proportional to %, but to exhibit a weaker
influence. Finally, if the microscopic transport step in the matrix
is the rate-limiting one, the flow rate across the matrix may not
show a significant influence on the binding progress.

Nevertheless, it is certainly a good practice to use the high-
est possible flow rate in order to minimize this transport step.
In order to keep the option open to quantitatively analyze the
mass transport-influenced binding kinetics, it is useful to apply the
same flow rate in the association and the dissociation phase of the
experiment. The oscillating flow technique can help to strongly
reduce the amount of sample required, independently of the flow
rate (22).

An alternative approach to probe for the presence of MTL in
the laminar flow is the change of the solvent viscosity, for example,
by adding glycerol to the buffer (49, 50). Again, an influence
on the observed binding kinetics suggests the presence of MTL.
(In principle, there may be some undesired side effects through
differences of protein solvation, as well as the hydration of the
immobilization matrix.)

Clearly, the total number of surface sites is an important factor
that directly determines the magnitude of MTL, as is reflected in
Eq. [6] of the two-compartment model. This led to the approach
of comparing the signal from analyte binding to surfaces with
different densities of the immobilized binding partner (or, more
precisely, different total binding capacities). If the time-course of
the analyte binding signal of each surface is normalized relative to
the total surface site density, superimposable curves should ideally
be obtained in the absence of MTL, whereas in the presence of
MTTL slower kinetics should be obtained for the higher density
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Fig. 2.8. The effect of flow rate on the surface binding kinetics for mass transport
limited binding (13). Shown are surface binding data acquired from the same surface
at flow rates of 1, 5, 20, and 40 pL/min, and the global fit with a model for transport-
influenced binding to a distribution of surface sites allowing for different transport rate
constants at the different flow rates. (a) Experimental data at 1 (orange), 5 (green), 20
(blue), and 40 (red) L/min for analyte concentrations of 0.1, 1, 10, and 100 nM (no
0.1 nM data available at 20 pwL/min). The inset expands the initial association data at
an analyte concentration of 10 nM for all flow rates. The results of the global fit are at
5 wl/min: log10(ky) = 7.91 with an rmsd of 0.53 RU (b), at 20 pL/min: log10(ky) =
8.18 with an rmsd of 0.79 RU (¢), at 40 p.L/min: log10(ky) = 8.21 with an rmsd of 0.66
RU (d). (e) Given the distribution from the fit of the three high flow rates, we applied
the distribution as a constant prior knowledge to the data at 1 .L/min, here optimizing
solely the transport rate constant, resulting in log10(ki;) = 7.62 with an rmsd of 0.74
RU. (f) Best-fit distribution from the global fit of all data.

surfaces (37). The advantage of this approach is that it will allow
equally the detection of MTL arising from the laminar flow as
well as from the microscopic step of diffusion within the matrix.
However, a caveat is that this presumes the surface sites exhibiting
equal intrinsic binding properties on all surfaces. Unfortunately,
this assumption may not always be fulfilled, as we have recently
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observed in the context of studying the affinity distributions of
the ensemble of surface sites (19) (see below).

To minimize the potential influence of MTL it is prudent to
aim for low surface site densities, although not to the extent of
sacrificing reasonable signal-to-noise ratio (see above). Similarly,
in our experience it can be advantageous to use thin immobiliza-
tion matrices, which usually accommodate sufficient numbers of
molecules to generate adequate signal levels.

In many cases perhaps the best strategy to diagnose the pres-
ence of MTL is the use of a soluble competitor in the dissociation
phase, which binds to the analyte once dissociated and prevents
it from rebinding to the empty surface sites (51). If the bind-
ing reaction under study is mass transport limited, the competitor
can dramatically increase the dissociation rate, in particular, when
applied at a point in time when half or more of the surface sites
are already (or still) unoccupied. There can be potential concern
with very large competitors that may not be able to penetrate the
matrix well and not diffuse well into the rebinding zone. A signifi-
cant advantage of this approach is that it can allow to estimate the
intrinsic chemical off-rate constant, provided the concentration
of the competitor should be sufficiently high to lead to essentially
stoichiometric capture of all analyte molecules as they are released
from the surface sites (2). This may be combined with the equilib-
rium constant from the analysis of the steady-state surface binding
isotherm to provide an estimate of the true on-rate constant.

Ideally, we recommend the use of all or a combination of
several of these techniques to diagnose the presence of MTL in
the measured binding kinetics.

3.4. Incorporating Unfortunately, given the complexity of the physicochemical phe-
Mass Transport nomena at the sensor surface and in the immobilization matrix,
Influence into the it seems highly unrealistic to even establish a complete physical
Model of the Binding model for the transport process that incorporates all the relevant
Kinetics processes, not to speak of determining all the necessary parame-

ters. This becomes evident considering only the problem that we
would need to know the spatial distribution of the immobilized
surface sites. Making assumptions about these parameters is an
important and valid tool to explore their possible influence, but
it would lead to unreliable and to a high degree arbitrary results
when used for the analysis of MTL data.

Some authors have studied the mass transport problem con-
fining their attention to the laminar flow, which is a simpler
problem and more tractable, and suggested it would be possi-
ble to predict the mass transport rate constant on the basis of the
known geometry of the flow and the analyte diffusion constant
(52). However, as we have demonstrated elsewhere using a com-
monly available antibody/antigen system, the experimental trans-
port rate constants can be far off the predicted values dependent
on the immobilization matrix used (13).
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Due to these difficulties, it seems reasonable only to attempt
the application of the simplest phenomenological compartment
model for transport and to restrict the usage of this model to just
the onset of mass transport limitation where the spatial concen-
tration gradients are small, and the approximation of the spatial
geometry by a simple division into two regions is tolerable to
serve as a first approximation. Alternatively, it may be applied in
the limit of the approach to steady state in the association phase,
where existing gradients have decayed (49). Since there are several
physical processes affecting the transport with unknown relative
importance (dependent on the interacting system and the matrix
properties), we can use an effective overall transport rate con-

stant kﬁ‘p P >, which will arise as a harmonic mean of effective trans-
port rate constants of many different sequential transport steps

(13). Because we cannot predict the value of kEfi‘P P) without mak-
ing assumptions of uncertain validity, it needs to be incorporated
as an adjustable parameter into the data analysis.

At low influence of MTL, i.e., in the reaction limited regime,
kgpp)

the value of will not be well determined by the data, except

that we can establish a lower limit of kﬁf.‘"p). However, the rate
constants of the chemical reaction of interest are well determined.
Vice versa, in the limit of high influence of MTL, the value of
kﬁ?f’ P) may be well determined by the data, but we can only esti-
mate a lower limit of the chemical on-rate constant.

In practice, Eq. [5] can be fit directly globally to the set
of association/dissociation phases from a single-site model. The
two-compartment transport step outlined in Eq. [5] may also
be combined with other, more complex models for the chemi-
cal binding step. For more strongly MTL surface binding reac-
tions, we observed in a computer model of transport within the
immobilization matrix that the spatial gradients in the dissocia-
tion phase are smaller than in the association phase. This suggests
that the application of Eq. [6] to the set of dissociation phases,
which leads to the compact form

ds(t) _ —koges(t)
At 1 e (g — 5(2))

[7]

may be a more robust approach (see, e.g., (49, 50)) to estimate
the chemical oft-rate constant. This could be combined with the
equilibrium constant derived from the steady-state isotherm to
provide estimates for the chemical on-rate constant.

It should be noted that for the analysis of MTL binding
traces, the data reporting on the kinetics under the condition of
high site occupancy are the most informative. Therefore, Egs. [5]
or [7] are applied best to data sets that include concentrations far
above Kp.
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4. Heterogeneity
of the Surface
Sites

4.1. Physical Origin

4.2. Description of
Analyte Binding to an
Ensemble of Surface
Sites with a
Distribution of Rate
and Affinity
Constants

The need to immobilize one of the binding partners of the
interaction to be studied raises another problem fundamental to
biosensing. Obviously, we want to assume (and if possible ver-
ity) that the immobilization itself does not significantly influence
the molecular binding parameters. This may not always be triv-
ial, considering general experience with labeling of proteins, the
SPR surface being nothing less than a macroscopic-sized label. In
addition, however, a less obvious but equally important assump-
tion is that all immobilized sites are uniformly active (and a frac-
tion may be completely inactive, respectively, which would not
contribute to the binding signal). Considering the physical micro-
heterogeneity of any SPR surface on a molecular scale (even with-
out polymer matrices), the different local chemical properties of
the surface, the possible geometric configurations of the immo-
bilized sites relative to the surface and relative to the molecules
comprising the immobilization matrix, possible heterogeneity in
the protein conformations, in addition to the common chemical
heterogeneity in the covalent attachment, it seems actually a very
daunting task to achieve uniformity in the binding properties of
the immobilized macromolecules. This is true even for prepara-
tions that in solution exhibit properties consistent with a single
class of sites.

Although there are strategies to avoid some sources of
heterogeneity, such as the surface attachment by site-directed
chemistries or capture techniques, these cannot address other
problems arising from the physical and chemical microhetero-
geneity of the surface itself as well as the immobilization matrix
(if used) (Fig. 2.9).

As a consequence, it seems a much more sensible assump-
tion that the immobilized surface sites could present a distribu-
tion exhibiting a continuum of binding energies. This naturally
incorporates the possibility for partially active sites, nonspecific
sites, as well as multiple independent sites on the immobilized
molecules.

We can express the idea that the observed binding signal is the
sum of signals from sites that could have different dissociation
equilibrium constants and different off-rate constants as an inte-
gral equation:

I<D,max koff, max

or(eyt) = / / 1 ko, Kb ¢, )P ko, Kb dkogdKp [8]

I<D, min koff, min
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Fig. 2.9. Cartoon illustrating different sources of heterogeneity of surface binding sites.
Filled circles depict the analyte molecules, and “Y” depicts the macromolecular binding
partner to be immobilized and serve as surface binding site. (a) Surface site heterogene-
ity may occur fundamentally from nonspecific binding to the surface. (b) The same is true
in the presence of a capturing protein (e.g., an antibody or streptavidin) for the macro-
molecule of interest. In addition, the capturing molecules may contribute to the available
“nonspecific” surface sites. (¢) The surface is heterogeneous on a molecular scale both
with respect to surface rugosity, as well as surface charges and local pH. (d) The same
is true for a capturing protein, which itself may not be oriented uniformly and expose the
analyte to different microenvironments. (e) If a polymeric immobilization matrix is used,
immobilization to different regions can give rise to different extent of steric hindrance
and heterogeneous microenvironment from spatial and chemical nonuniformity of the
matrix. (f) The same effects occur when using a capturing protein, possibly exacerbated
due to the overall higher degree of functionalization of the immobilization matrix (higher
total protein concentration at the surface).

where 51 (%}, KJ,c,t) is the binding signal we would observe for

a site with equilibrium constant K7y and off-rate constant £ at
a unit binding capacity of smax (k' Ky)=1, following Egs. [2],
[3], and [4] and where P(ky,Kp) is the two-dimensional dis-
tribution of affinity and rate constants (53). This model, with the
features described below, has been implemented in the software
EVILFIT and is available from the authors on request.

It is well known that the decomposition of experimental data
into a distribution of exponentials is an ill-posed problem (54),
and the analysis of SPR surface binding data is no exception.
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This is because within a given level of noise, single exponen-
tials, for example, are poorly distinguishable from a combination
of two exponentials of lower and higher exponents. In practice,
this leads to the amplification of noise in the data to the extent
that it can govern the overall distribution. As a consequence, if
Eq. [8] were fitted directly to experimental data, the best-fit dis-
tribution would likely be a series of poorly reproducible spikes,
which would present much more detailed features than informa-
tion really contained in the original data. A very powerful mod-
ern approach to address this problem, termed “regularization,”
follows the principle of Occam’s razor, which suggests that the
simplest possible interpretation of the data is most likely the right
one. It is implemented by defining a mathematical measure of
information content of the final distribution and aims at min-
imizing this information content as much as possible without
decreasing the quality of fit to the raw data (as judged by statisti-
cal analysis of the residuals). It results in the simplest or broadest
distribution consistent with the experimental data.

This provides a very convenient way to assess the infor-
mation content of the experimental SPR data (19, 53): For
example, when applied to data consisting of a single associa-
tion/dissociation trace, data at concentrations << Kp, data at very
low signal-to-noise ratio, or otherwise poorly designed experi-
ments, the distribution of affinity and off-rate constants shows
broad peaks reflecting the limited conclusions that can be drawn
from the experiment. In contrast, when applied to data from a
better designed experiment, the peaks in the distribution become
sharp and allow more detailed insight into the surface binding
process. This is illustrated in Fig. 2.10, which shows the affinity
and rate constant distribution for the interaction of the same ana-
lyte to an identical surface, once with very short association and
dissociation times (left) and once with a larger analyte concentra-
tion range and longer observation times in both the association
and dissociation phases.

When applied to suitable data, the level of detail that can be
observed on the functional distribution of surface binding sites
is high, and, as shown in (19), the distributions are quite repro-
ducible. It is possible to clearly distinguish the high-affinity sites
of interest from subpopulations of sites with impaired affinity,
which possibly reflect protein immobilized in altered conforma-
tions and/or in poorly accessible locations on the surface in the
immobilization matrix, and from low-atfinity sites, which may be
intrinsic to the surface (nonspecific binding of analyte to the sur-
face) or reflect residual weak interactions with denatured proteins.
By discriminating between the different populations, it is possi-
ble to focus on the interaction of interest and to obtain bind-
ing parameter estimates that are not skewed by subpopulations of
partially inactive or nonspecific surface sites. If there is a doubt
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Fig. 2.10. Comparison of affinity and kinetic rate constant distribution obtained from the same surface from binding
experiments with different design. This is the distribution analysis of the same data sets as shown in Fig. 2.3. Excellent
fits are achieved for both experimental designs, but the regularization in the distribution analysis exposes different
information content. (a) and (b) Arbitrarily truncated data and analysis with short association and dissociation times and
a small analyte concentration range. The resulting distribution exhibits only broad features, suggesting not more than the
order of magnitude of both the kinetic and affinity binding constants. (c) and (d) Experimental binding data and analysis of
longer contact times and larger analyte concentration range. The resulting distribution is very detailed, resolving multiple
classes of surface sites. For details, see (53).

about which of the peaks reflects the “native” interaction, we rec-
ommend to conduct solution competition assays to measure the
affinity constant in solution (21, 33) (see also Chapter 6).

Since the standard regularization causes peaks to be as broad
as consistent within the signal-to-noise level of the experimen-
tal data, it is not immediately clear whether a single species
model would be consistent with the data. To this end, a Bayesian
approach can be taken to reshape the regularization profile toward
favoring distributions consistent with prior knowledge (or prior
hypothesis) (19). To examine to what degree given data are con-
sistent with a single-site model, suitable prior knowledge may be
bootstrapped from experimental data by performing a prelimi-
nary analysis with conventional regularization, followed by inte-
gration over the distribution region in question (which possibly
may represent a single species) and assigning the prior knowl-
edge for the following Bayesian analysis to be a sharp peak with
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the signal-average binding constants from the relevant region.
The result will be the affinity and rate constant distribution that
resembles as close as possible a single-site model, given the exper-
imental data. In contrast to the direct application of Egs. [1],
[2], [3], and [4] that would strictly constrain the fit to a single-
site model and cause (in virtually all cases when applied to mean-
ingful data) a statistically unacceptable fit, this Bayesian approach
will not diminish the quality of fit from the best possible fit with
the full distribution model and instead add features to the puta-
tive single species model that are essential to explain the actually
observed data. These additional features may be populations of
low-affinity sites or poorly reversible sites.

The Bayesian approach was applied with the EVILFIT soft-
ware (standalone Windows executables and MATLAB scripts
are freely available from the authors on request), for exam-
ple, to the data in Fig. 2.2 in order to test for the homo-
geneity of the surface sites. The result clearly shows that the
hypothesis of a single homogeneous binding site for the main
peak cannot be accommodated in the fit of the experimen-
tal data. Instead, the distribution highlights that there must be
microheterogeneity of the surface sites. This validates the phys-
ical picture sketched in Fig. 2.9 where microheterogeneity in
the local, physical, and chemical environment of the immobi-
lized molecules, as well as chemical and/or conformational het-
erogeneity from surface attachment create polydispersity of the
binding energies and therefore subpopulations of different atfin-
ity and rate constants for analyte binding. For the data shown
in Fig. 2.10, this — in addition to trace populations of low-
affinity sites and poorly reversible sites — explains the deviation
of the binding progress curves from the single exponential ideally
expected.

Independent of the interpretation of the resulting distribu-
tion, another important observation from the distribution model
is the high quality of fit. This is consistent with the generally excel-
lent stability and reproducibility of SPR biosensor data. From our
experience applying this model to many systems, it is possible to
routinely (but not always) achieve fits with residuals satisfactorily
within the noise of the data acquisition. This is very significant
in that it on one hand suggests the validity of the model and its
underlying assumptions (provided the data set is collected with
meaningful design) and on the other hand sets the bar for a satis-
factory data interpretation back to the same criteria used in most
other biophysical disciplines, where systematic deviations between
data and fit are simply taken to reject the model. The same rational
conclusion can and should be drawn when analyzing SPR data.
We do believe that when the best-fit is significantly worse, one
should conclude that the model does not reflect the binding pro-
cess actually taking place. This may require the combination with
MTL corrections, as described below, or reflect the fact that the
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assumption of independent parallel 1:1 binding events of uniform
analyte molecules does not apply.

5. Relationship
Between Mass
Transport

and Surface
Heterogeneity

We have discussed above the two most common sources of
deviation from ideal single-exponential pseudo-first-order surface
binding. In practice, MTL and surface heterogeneity are related
problems, since both are governed by the density, spatial distri-
bution, and detailed local properties of the immobilized surface
sites.

Any of the surface sites, whether reflecting the “native” bind-
ing properties or artificial low-affinity or “nonspecific” sites, will
contribute to the depletion and retention, respectively, of ana-
lyte in the vicinity of the sensor surface, and thereby diminish the
effective transport rate and increase MTL. This causes the surface
binding to the different surface sites be a coupled process: Ana-
lyte molecules dissociating from one class of sites may rebind to
another site with different affinity and kinetic constants.

Fortunately, the effect of MTL and surface heterogeneity on
the shape of the observed surface binding traces is opposite: MTL
often causes less convex binding kinetics (more linear) in the asso-
ciation phase, whereas surface heterogeneity typically causes more
convex traces in the association phase. The effect on the shape
of the dissociation phase is similar in that both appear multipha-
sic, but with different concentration dependence. For this reason,
MTL and surface heterogeneity do not correlate much and can
be distinguished in the analysis of experimental data.

Mathematically, the combined effects of surface heterogeneity
and MTL can be expressed with the system of rate equations

a

Cﬂ;;rf = ktr(c - 5surf) - % [9]
d .
d_ftz = kon,i5511rf<Pi<koff,ial(D,i) = i) = koftsi

where the sum of all binding signals to each population z is
the total measured signal, s(¢,z) = ), 5i(¢,2), and the population
P;( kot ;,Kp ;) of each site gives a discretized representation of the
affinity and kinetic rate constant distribution (13). Such a model
was applied, for example, for the global analysis of the data shown
in Fig. 2.8. This model assumes a single transport rate constant
for binding to all sites. This may strictly not always be fulfilled, for
example, to account for binding inside or outside the immobiliza-
tion matrix. Unfortunately, accounting for such an effect seems
to exceed current computational capabilities in the data analysis
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and likely the information content of experimental surface bind-
ing data.

Since MTL depends strongly on the total number of sur-
face sites, a popular approach to diagnose the presence of and
to quantitatively account for MTL has been the comparison of
analyte binding kinetics to surfaces at different total immobiliza-
tion density (or rather different binding capacity). However, this
is based on the silent assumption that the binding properties of
the surface sites do not change for the different surfaces. With
the availability of the surface site distribution analysis it is possible
to test this assumption. Figure 2.11 shows the functional sur-
face site distribution for two different antibody—antigen systems.
The system shown in panels A and B exhibits very similar affinity
and kinetic distributions when immobilized at different levels. In
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Fig. 2.11. Example for the affinity and kinetic rate constant distribution measured at surfaces with different immobiliza-
tion levels. (a) and (b) Binding of a soluble monoclonal Fab to its immobilized antigen protein at a low surface density
of 1,400 RU leading to a total binding capacity of ~340 RU (a) and high surface density of 3,800 RU leading to a total
binding capacity of ~700 RU (b), respectively. For this molecule, the resulting functional surface site distributions are vir-
tually the same, independent of immobilization level. (c) and (d) Binding of another soluble monoclonal Fab to its antigen
protein immobilized at low surface density of 920 RU leading to a total binding capacity of 381 RU (c), and immobilized
at a higher surface density (1,500 RU) leading to a total binding capacity of 464 RU (d). In this case, a significant increase
in the fraction of higher affinity sites is observed at the higher density surface. For details, see (19).
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contrast, the other system shown in panels C and D exhibits a
significant shift toward a higher affinity population at the higher
immobilization density. This highlights that the immobilization
process, dependent on the macromolecular system under study,
may indeed create different subpopulations of sites at different
stages of the immobilization process.

This could be related to the intrinsic heterogeneity of the
surface, in particular when using an immobilization matrix, and
the fact that the immobilization process itself is a kinetic process
requiring mass transport, likely being mass transport limited itself.
One could easily imagine that the resulting spatial distribution of
the immobilized surface sites will not be uniform and therefore
create different amounts of subpopulation in different microenvi-
ronments with different binding properties.

Another possible mechanism for a dependence of the affin-
ity distribution on the total immobilization density could involve
the oligomerization of the immobilized macromolecules. Con-
tributing factors for oligomerization are the high local concen-
trations (routinely in the 1-10 mg/mL range or higher inside the
matrix) and the increased propensity of protein oligomerization in
the presence of a surface (55) as well as volume-excluding poly-
mers (56). In particular for proteins undergoing self-association
in solution, this may be a likely scenario.

In practice, concerns of MTL and surface heterogeneity
must both be kept in mind and may have to be balanced when
deciding on the strategy of surface immobilization. For exam-
ple, the use of proteins for site-specific capture of the bind-
ing partner of interest, such as antibodies or streptavidin, may
improve the chemical homogeneity of the surface sites, but at
the same time make the surface more sticky and dense, and
thereby hamper diffusion and create stronger MTL. Conversely,
the use of no or very short polymer supports for immobiliza-
tion matrices can eliminate longer diffusion distances and improve
MTTL, but may not screen as well nonspecific binding sites (e.g.,
driven by hydrophobic interactions) directly at the surface, and
thereby increase the heterogeneity of the measured affinity distri-
bution.

This is not to suggest that both could not be minimized
simultaneously, but just to highlight how they are interrelated
fundamentally due to the need for immobilization to the surface
of one of the binding partners to be characterized. If the initial
rate or the steady-state signal of SPR surface binding is only taken
as an empirically calibrated signal reporting on the concentration
of free analyte, and this surface binding assay is used to probe
the solution equilibrium constant in the presence of soluble com-
petitors to the surface sites, both problems of MTL and surface
heterogeneity become irrelevant.
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6. Conclusions

The present chapter was meant as an introduction to the strategies
for the kinetic analysis of SPR surface binding data, and two major
problems arising in the surface binding format. The brief history
of SPR biosensing in the biomedical sciences cautions us that the
correct interpretation of kinetic surface binding traces as reflect-
ing molecular parameters, rather than merely being a reflection of
the often complex properties of the particular surface generated,
is not trivial at all. The most important requirements for a reli-
able characterization of molecular parameters are the following:
(1) the design of experiments that will provide meaningful infor-
mation on the desired parameters and allows us to discriminate
between chemical binding of interest and artifact (2), the applica-
tion of stringent tests of the consistency of the model and the data
(3), the critical awareness of the assumptions made in the analy-
sis, and (4) the design and application of experimental controls to
test these assumptions.

This is especially important when the binding traces do not
follow the simplest possible binding process, that of a single
site with pseudo-first-order binding kinetics. Two simple reasons
for deviations that are fundamentally related to SPR biosensing
(rather than primarily the molecules of interest) are MTL and sur-
face heterogeneity. We have introduced tools that help to address
both problems and to obtain, despite their presence, estimates for
the affinity and kinetic parameters of the molecular interaction
to be studied. Using the model that accounts for surface hetero-
geneity, fits can often be achieved that describe the experimental
data within the noise of data acquisition. This should be the goal
of the kinetic analysis, and failure to meet this criterion should
lead us to reject the hypothesis underlying the data analysis.

We have not discussed advanced questions of how to further
improve the model if the consideration of the two most com-
mon surface-related problems cannot explain the data. Glaser and
Hausdorf (32) have studied a model system exhibiting multipha-
sic binding and noted the difficulty that many different more
complex binding models fitted the data equally well. This is exac-
erbated by the fact that the problems of surface heterogeneity
and MTL will likely be superimposed to more complex chemi-
cal kinetics. The recently discovered apparently ubiquitous pres-
ence of surface site heterogeneity, in particular, would make the
reliable identification of a complex reaction scheme much more
difficult. Even if the reaction scheme is known from other tech-
niques, the determination of its associated molecular binding
parameters could be highly problematic. In such situations, it
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seems more appealing to constrain the quantitative data analy-
sis to the interpretation of the steady-state responses as a func-
tion of analyte concentration toward estimating equilibrium bind-
ing constants. Alternatively, the solution competition approach
may provide solution affinity constants (see Chapter 6). In some
cases of more complicated binding reactions between two or
more molecules, it is also possible to use the SPR surface bind-
ing assay to at least answer qualitative questions about the bind-
ing scheme, presence of cooperativity, etc. (6). This is a very
powertul aspect of the application of SPR surface binding which
seems sometimes underappreciated, but can often provide reli-
able and critical information about the mechanism of protein
interactions.

7. Notes

1. It should be noted that this is true irrespective of the fact
that the molecules under study may include surface recep-
tors that in the biological environment exist and act at a sur-
face. Unless this exact biological surface can be used, e.g.,
by coating the SPR surface with actual cell membranes, the
differences of the native and the artificial environment in
the SPR sensing volume with respect to the precise physi-
cal environment and the surface site distribution will be the
dominating factor for the observed surface binding kinetics,
yielding parameters potentially many orders of magnitude
different from those in the native environment.

2. For example, if an analyte of 100 kDa at a concentration of
10 nM leads to a signal from nonspecific binding on the level
of 1070 refractive index units (1 RU), which may be difficult
to distinguish from a bulk shift, the ratio tfee/ chound Only
considering the nonspecific sites is 0.01, and this alone leads
to an extra reduction of the analyte mobility by a factor 100.

3. In Eq. [5], we have chosen to express the transport rate
constant % in signal units of RU x M1 x s For the
geometry of the Biacore instruments, typical numerical val-
ues are 107-10'2, and they are best thought of on a loga-
rithmic scale. If a number of assumptions are made, among
them the neglect of transport through the immobilization
matrix, kg can be theoretically related to a macromolecular
diffusion coefficient. However, in a careful study we have not
obtained reasonable values for the diffusion coefficients with
this approach in practice (13), raising doubts on the utility
of the underlying assumptions.
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4. Because of the latter it is not possible to use an ideal model

Eq. [1] to fit data that are mass transport limited, and expect
the ratio of the apparent rate constants to reflect the true
equilibrium constant. The least-squares fit will be poor and
biased differently in association and dissociation depending
on the experimental configuration, such as length of associ-
ation and dissociation phases and concentrations chosen.

. This should not be misunderstood to mean that the binding

progress close to reaching steady state is not mass transport
influenced, as suggested by Karlsson et al. (57). It only van-
ishes close to saturation of all sites, not close to any steady-
state.

, if
derived from an empirical application of a pseudo-first-order
model, cannot be taken as a measure for estimating the possi-
ble extent of MTL, since the latter would require knowledge
of the true kop, which may be much higher especially in the
presence of MTL.
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