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a b s t r a c t

Cellular receptor systems are expected to present complex ligand interaction patterns that cannot be
evaluated assuming a simple one ligand:one receptor interaction model. We have previously evaluated
heterogeneous interactions using an alternative method to regression analysis, called Interaction Map
(IM). IM decomposes a time-resolved binding curve into its separate components. By replacing the reduc-
tionistic, scalar kinetic association rate constant ka and dissociation rate constant kd with a two-dimen-
sional distribution of ka and kd, it is possible to display heterogeneous data as a map where each peak
corresponds to one of the components that contribute to the cumulative binding curve. Here we chal-
lenge the Interaction Map approach by artificially generating heterogeneous data from two known inter-
actions, on either LigandTracer or Surface Plasmon Resonance devices. We prove the ability of IM to
accurately decompose these man-made heterogeneous binding curves composed of two different inter-
actions. We conclude that the Interaction Map approach is well suited for the analysis of complex binding
data and forecast that it has a potential to resolve previously uninterpretable data, in particular those
generated in cell-based assays.

� 2012 Elsevier Inc. All rights reserved.
1. Introduction

The biophysical characterization of protein–protein interactions
by use of time resolved analyses is a wide field of studies where
interactions of isolated molecular components are commonly char-
acterized using Surface Plasmon Resonance (SPR) or Quartz Crystal
Microbalance (QCM) devices. Recently, novel tools for time-re-
solved analysis of the interaction of molecules with cells are
emerging, of which LigandTracer is one. For isolated components
the common basic assumption in data evaluation is that the bind-
ing curves conform to a one:one interaction. Experimental curves
from cell-based assays, and also from some SPR/QCM assays, con-
tradict the one:one binding assumption.

The fundamental problem of protein–protein interaction analy-
sis on cells or tissue lies in the complexity of cell surfaces. A protein
is likely to interact not with one form of the intended receptor at
the cell-surface, but with variants of it, such as post-translationally
modified receptors, activated/inactivated forms or other conform-
ll rights reserved.
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ers. For example the receptor may dimerize with itself or with
homologues. Interactions with completely different cell-surface-
associated proteins are possible as well. One example is the EGF-
EGFR interaction, which has been thoroughly analyzed and dis-
cussed during the last three decades [1–3] and which commonly
results in curvilinear Scatchard plots [4]. EGFR is known to form
both homodimers and heterodimers with the other members of
the EGFR family (i.e. ErbB2, ErbB3, and ErbB4), and ligand-induced
dimerization is necessary for activation of EGFR [5].

Each binding event may have its own set of interaction param-
eters. Hence it is difficult or even wrong to approximate a protein-
cell interaction with reductionistic interaction models. Complex
situations may also occur in the analysis of isolated components
due to e.g. repeated subunits within a protein or conformational
heterogeneity due to purification or surface immobilization. Cur-
rent methods that are applied for the evaluation of binding curves
are insufficient because they are based on regression analysis using
models with limited complexity. The development of novel analy-
sis tools, able to detect and unravel interaction complexities, is
obviously required.

A method for analyzing the complexity resulting from parallel
interactions in isolated molecular systems was originally devel-
oped by Svitel and co-workers [6–8]. It has been applied to probe
the degree of homogeneity of the receptor population in cell-free
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protein–protein interaction analysis [6,8] to determine affinity and
dissociation rates [9], and to elucidate binding mechanisms
[10,11]. We have previously extended the approach to the much
more complex situation of a ligand binding to living cells
[3,12,13] as well as to biophysical interaction data [13].

The method of Svitel et al. [7] is well adapted for quantification
of binding properties for one relatively pure component (e.g. the
protein) binding to one heterogeneous component (e.g. the recep-
tor population on the cell). The key element in this analysis lies in
the use of a two dimensional distribution of interaction parame-
ters, wherein it is assumed that each interaction of a protein in
solution with a protein on a cell is monovalent. In our implemen-
tation, the distribution of interaction parameters is made discrete
by creating a grid of ka and kd values. Each (ka, kd)ij node has a cor-
responding primitive interaction curve and a magnitude Bij, and a
heterogeneous measurement is approximated with a sum of all
primitive curves scaled with the accompanying Bij. Given one or
more measured curves, the magnitudes of all Bij can be fitted and
then plotted in a surface plot as a function of ka and kd. We denote
this plot an Interaction Map (IM) for display of interaction charac-
teristics and heterogeneity.

While these approaches have been applied to identify binding
complexity and resolve associated parameters, they have never
been validated with known heterogeneous interactions systems,
to the best of our knowledge. In this paper, we challenge the Inter-
action Map method by evaluating man-made heterogeneous ki-
netic curves generated in two ways: by injecting a protein on
two co-immobilized binding partners in a Biacore Surface Plasmon
Resonance (SPR) device, and by mixing two independent protein–
protein interactions in a LigandTracer device.
2. Materials and methods

2.1. SPR-based protein interaction experiments

Data for the interaction of Fab57P [14] with peptides derived
from the sequence of toabacco mosaic virus protein, were collected
at 25 �C on a Biacore 2000� instrument (GE-Healthcare Biacore,
Uppsala, Sweden) as previously described [15], except that the
running buffer contained 250 mM instead of 150 mM NaCl (He-
pes250:10 mM HEPES, 250 mM NaCl, 3.4 mM EDTA, 0.005% Tween
20, pH 7.4). The peptides correspond to residues 138–149 (P138–
149) and 140–151 (P140–151) of the protein, with a N-terminal
cysteine for surface immobilization (sequences CSYNRSSFESSSG
and CNRSSFESSSGLV, respectively). Peptides were immobilized
one per flow cell or two per flow cell (in 25%/75% ratios).
2.2. LigandTracer-based protein interaction experiments

105 lg trastuzumab (purified from Herceptin, Roche AB, Stock-
holm, Sweden) and 40 lg human serum albumin (HSA, Sigma Al-
drich, St. Louis, MO) was labeled with 10 MBq 125I (Perkin-Elmer,
Wellesley, MA, USA) using the established Chloramine-T protocol
[16]. Prior to each LigandTracer measurement, 2 ll Protein A
coated magnetic beads (1.3 g/ml) (Dynabeads, Dynal A.S, Oslo, Nor-
way), was incubated with 6 lg of the HSA binding monoclonal
antibody 18080 (Abcam, Cambridge, MA, USA) in 100 ll PBS for
60 min on rotation. The magnets were washed three times with
200 ll PBS to remove excess antibody.

The interaction of 125I-HSA with 18080 and/or 125I-trastuzumab
with Protein A was monitored in BSA pre-coated polystyrene
dishes (Cat. No. 254925, Nunc, Roskilde, Denmark) using LigandTr-
acer Grey (Ridgeview Instruments AB, Uppsala, Sweden), essen-
tially as described previously [17]. The binding of a stepwise
increase of concentration (7.8 and 24.3 nM in PBS + 1% BSA) was
monitored for 125I-HSA, 125I-trastuzumab and a combination of
125I-HSA and 125I-trastuzumab (7.8 and 24.3 nM of each) during
4 h for each concentration, followed by a dissociation measure-
ment over-night. The contribution of 125I-trastuzumab and 125I-
HSA to the measured binding curve were altered by using 125I-
trastuzumab with different specific activities (numbers of radioac-
tive nuclides per protein molecule).

2.3. Simulations

Binding curves matching the concentrations and times used for
both SPR and LigandTracer experiments were simulated using the
one:one interaction model for a range of different affinities and
kinetics using TraceDrawer (Ridgeview Instruments AB, Uppsala,
Sweden) and MATLAB 6.5 (The Mathworks Inc, MA, US).

2.4. Interaction Map generation

Under the assumption that each interaction contributing to the
complex interaction can be described as a one:one interaction, the
measured binding curve will be a sum of all individual one:one
interactions. The measured curve can be approximated with a
sum of a range of primitive binding curves, each representing a
one:one interaction [3] with a unique combination of association
rate ka and dissociation rate kd (and consequently an equilibrium
dissociation constant KD = kd/ka).

EstimatedCrv ¼
Xn

i¼1

Xm

j¼1

Bij�
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�PrimitiveCrvðconc;ki
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The constants Bij represent the contribution of each primitive bind-
ing curve PrimitiveCrv to the estimated curve EstimatedCrv, and re-
flects the surface concentration of the corresponding receptor.
There are n �m PrimitiveCrv with kinetic constants ðki

d; kj
aÞ. Given

one or more measured curves, the magnitudes of all Bij were esti-
mated by use of a non-linear fitting algorithm and were then plot-
ted in a surface plot as a function of ka and kd. This plot is denoted
an Interaction Map (IM). The surface plot may be presented in grey-
scale (black = large Bij, white = small Bij). There are several computa-
tional issues with such an approach. Firstly, it is essential that a
sufficient number of ka and kd values (and accompanying primitive
curves) are used for representing the two-dimensional distribution
of ka and kd, otherwise this method will have poor resolution when
decomposing a measured binding curve. Secondly, it is essential to
use regularization algorithms to suppress non-physical solutions to
the fitting problem. Thirdly, the choice of non-linear fitting algo-
rithm will be crucial to obtain accurate fits in reasonable time.
The currently used Interaction Map method uses 24 (ka) � 30 (kd)
different nodes (with accompanying primitive curves) with kinetic
parameter values evenly distributed in log-space. For interaction
measurements longer than 1 h the kinetic parameter values were
(log10(ka) = {2.00, 2.25, . . . , 7.50, 7.75}, log10(kd) = {�6.60, �6.40,
. . . , �1.00, �0.80}). For interaction measurements shorter than
1 h the kinetic parameter values were (log10(ka) = {2.00, 2.25, . . .

7.50, 7.75} , log10(kd) = {�5.60, �5.40, . . . , 0.00, 0.20}). A Ticho-
nov-type regularization algorithm was used, which in practice adds
penalty to the sum-of-square residuals if there are many peaks in
the Interaction Map. The non-linear fitting algorithm as currently
implemented in Visual Basic/Visual Studio 2005 (Microsoft Inc,
Mountain View, CA, USA) is stable but slow, resulting in 3–30 h
computation time per map on a regular PC.

3. Results

In a first experiment, the IM method was applied to experimen-
tal SPR data. Heterogeneous data were created by injecting Fab57P
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on sensor surfaces carrying different ratios of the two peptides
P138–149 and P140–151, and evaluated both by regression analy-
sis and IM. The left panel of Fig. 1 shows sets of double-referenced
SPR binding curves (black curves) recorded on surfaces containing
P138–149 alone (Exp. 1), 75%/25% (Exp. 2) and 25%/75% (Exp. 3)
mixtures of P138–149/P140–151 and P140–151 alone (Exp. 4), to-
gether with regression analysis fits (grey curves). Data recorded on
the single peptide surfaces (Exp. 1 and 4) were analyzed using the
Langmuir model. In Hepes250, P138–149 binds Fab57P with a 14-
fold weaker equilibrium affinity (KD) compared to P140–151, due
Fig. 1. Evaluation of SPR kinetic sets by regression and IM. The double-referenced bindin
(highest concentration 28 nM) on surfaces carrying (A) 100% P138–149 (Exp. 1) (B) 75%
100% P140–151 (Exp. 4). Between 2 and 4 buffer injections are included. The sets of kine
parallel reactions model (left column; measured curves: black, fitted curves: grey) and by
(black curves) and 2 (grey curves), calculated from the peak areas in the Interaction Ma
to a faster dissociation (Table 1). Data recorded on the mixed pep-
tide surfaces (Exp. 2 and 3) were evaluated using the parallel reac-
tions (PR) model. The outcome of the regression analysis depended
on the input starting kd values. The fits were good and the kinetic
parameters in agreement with those obtained with the isolated
peptides, when the starting kd values were set to 10�4 or
10�3 s�1 (Table 1). The four data sets were also evaluated with
IM (right panel). The curves representing each corresponding inter-
action (interaction 1: black, interaction 2: grey) are shown in the
central panel. The regression analysis and IM parameters are in
g curves correspond to the injection of six 2-fold dilution series of Fab57P samples
P138–149, 25% P140–151 (Exp. 2), (C) 25% P138–149, 75% P140–151 (Exp. 3) or (D)
tic curves were fitted by regression analysis using either the Langmuir model or the

IM (right column). Central column show the corresponding curves for interaction 1
ps.



Table 1
Kinetic parameters for the four SPR data sets as calculated by regression analysis and IM. Since the Rmax values in the SPR analysis is the maximum signal from the surface and the
Weight in the IM calculations correspond to signal contribution under present experimental conditions, these values are not strictly comparable.

Interaction 1 Interaction 2

ka1

(1/MS)
kd1

(1/s)
KD1

(1/M)
Rmax1 (RU) or
weight (%)

ka2

(1/Ms)
kd2

(1/s)
KD2

(1/M)
Rmax2 (RU) or
Weight (%)

Chi2

Exp. 1 100% P138–149 Regr. analysisa 3.2 � 105 2.0x10�2 6.3x10�8 966 (100%) 1
IM 2.1 � 105 4.2 � 10�2 2.0 � 10�7 99%
Ratio RA/IM 1.5 0.5 0.3

Exp. 2 75% P138–149
25% P140–151

Regr. analysisb 3.0 � 105 1.2 � 10�3 3.9 � 10�9 22 (26%) 5.7 � 105 2.3 � 10�2 4.0 � 10�8 61 (74%) 0.4
IM 9.1 � 104 2.3 � 10�3 2.4 � 10�8 19% 4.4 � 105 7.1 � 10�2 1.6 � 10�7 70%
Ratio RA/IM 3.2 0.5 0.2 1.3 0.3 0.3

Exp. 3 25% P138–149
75% P140–151

Regr. analysisb 3.5 � 105 1.5 � 10–3 4.3 � 10–9 53 (72%) 5.8 � 105 1.9 � 10�2 3.2 � 10�8 20 (28%) 0.2
IM 1.1 � 105 2.0 � 10�3 1.9 � 10�8 83% 3.5 � 105 2.5 � 10�2 2.5 � 10�2 21%
Ratio RA/IM 3.2 0.8 0.2 1.7 0.8 0.4

Exp. 4 100% P140–151 Regr. analysisa 2.9 � 105 1.8 � 10�3 6.4 � 10�9 430 (100%) 3.6
IM 1.1 � 105 2.2 � 10�3 2.0 � 10�8 92% 1.0 � 106 1.2 � 10�1 1.2 � 10�7 7%
Ratio RA/IM 2.6 0.8 0.3

a Langmuir model.
b Parallel reactions model, with 10�3 as starting values for kd1 and kd2.
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excellent agreement (Table 1), with ratios mostly <1, except for the
association rate constant of the highest affinity interaction (ka1 ra-
tio �3). The proportions of the two parallel interactions, as re-
flected by the maximal binding capacity of the surface (Rmax) in
regression analysis and peak weight in IM, are both in accordance
with the 25%/75% and 75%/25% proportions of the co-immobilized
peptides.

In a second experiment, the IM method was applied to binding
data measured in LigandTracer, where the 125I-HSA–18080 and the
125I-trastuzumab–Protein A interactions were monitored either
separately (Exp. 5: Fig. 2A and Exp 8: Fig. 2E respectively) or in
combination. The HSA–18080 interaction provided approximately
65% of the signal in Exp. 6 (Fig. 2B) and 47% in Exp. 7 (Fig. 2D).
The two interactions displayed very similar binding properties,
Fig. 2. Interaction Maps depicting the 125I-HSA–Ab 18080 and 125I-trastuzumab–Protein
and the trastuzumab interactions were tested: (A) 100% HSA, 0% trastuzumab (Exp. 5), (B
0% HSA, 100% trastuzumab (Exp. 8). Corresponding LigandTracer data describing (C) Exp.
peak in the map (peak i), had similar dissociation rate constants in all four cases (log(kd)
(Exp. 6), 3.75 (Exp. 7), 3.62 (Exp. 8). The contribution of peak (i) increased when the amo
(Exp. 5), to 70% (Exp. 6), 80% (Exp. 7) and finally 88% for the pure 125I-trastuzumab–Pro
both maps being composed of a major (i) and a minor (ii) peak
(compare Fig. 2A and E). The major peak corresponded to interac-
tions with similar dissociation rate constants (log(kd) = -
�5.48 ± 0.09), but different association rate constants: in the
pure HSA–18080 measurement, Exp. 5, peak (i) had a higher asso-
ciation rate (log(ka) = 4.12) than in the pure trastuzumab–Protein A
measurement, Exp. 8 (log(ka) = 3.62). In the combined measure-
ments (Fig. 2B and C), peak (i) was observed somewhere in be-
tween (log(ka) = 3.92 in Exp. 6 and 3.75 in Exp. 7), reflecting the
gradually shifting proportion of HSA-18080 and trastuzumab–Pro-
tein A interactions. The change in proportions was further ob-
served in the degree of heterogeneity, where the contribution of
peak (i) was as low as 66% in the pure HSA–18080 measurement
(Exp. 5) but increased as the degree of HSA–18080 was reduced,
A interactions as measured in LigandTracer Grey. Different combinations of the HSA
) 65% HSA, 35% trastuzumab (Exp. 6), (D) 47% HSA, 53% trastuzumab (Exp. 7) and (E)
5 and (F) Exp. 8 is included. The major contributing interaction, observed as a clear
= �5.48 ± 0.09), but different association rate constants: log(ka) = 4.12 (Exp. 5), 3.92
unt of HSA was reduced, going from 66% with the pure 125I-HSA–18080 interaction
tein A interaction (Exp. 8). Data are representatives from duplicates or triplicates.
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to 70% (Exp. 6), 80% (Exp. 7) and 88% (Exp. 8). This increase was due
to the fact that peak (ii), located at approximately log(ka) = 4,
log(kd) = �3, contributed more to the HSA–18080 interaction, com-
pared to the trastuzumab–Protein A interaction. These experi-
ments shows that the presence of two interactions with very
similar binding properties can still be identified from subtle
changes in peak patterns.

Simulated data was used to verify validity of IM for the two
experimental setups. The SPR setup (6 concentrations ranging from
875 pM to 14 nM, 3 min injection) was suitable at least within the
range ka = 105 M�1 s�1 to 107 M�1 s�1 and kd = 10�4 s�1 to 10�1 s�1,
provided that the affinity KD = kd/ka < 10�7 M. For the LigandTracer
setup, the two consecutive concentrations 7.8 nM and 24.3 nM
(4 h each) followed by dissociation over night was suitable for
analysis of interactions at least within the range ka = 103 M�1 s�1

to 105 M�1 s�1 and kd = 10�6 s�1 to 10�3 s�1.
4. Discussion

In this paper, we challenge the Interaction Map method with
man-made complex measurements recorded with SPR or LigandTr-
acer devices. In both experiments, different levels of heterogeneity
were created: from one interaction alone, then gradually increas-
ing the ratio of a second interaction, and finally measuring the sec-
ond interaction alone. IM provided a distribution of peak weights
in agreement with the ratios created for the two interactions,
and peak positions in agreement with the known binding parame-
ters of the two interactions as measured by SPR. Our data thus
demonstrate that IM can decompose the cumulative binding curve
of two known contributing binding partners.

Parallel interactions differing by a little more than one order of
magnitude in KD were generated by SPR using an antigen–antibody
system. While classical regression analysis (parallel reactions mod-
el) of the kinetic sets produced correct results depending on the
starting kd values, IM could accurately resolve the two underlying
interactions without a priori assumptions on either the existence or
not of parallel reactions, or the range of expected kinetic parame-
ters. In particular the weak affinity contribution in Exp. 3 (small
contribution of the weak affinity interaction) was detected
although the complexity of the binding curves is not visually obvi-
ous. The relative contributions of the two parallel interactions
were also reasonably well evaluated (ratio of Rmax values in regres-
sion analysis, peak weight in IM). This means that the Interaction
Map method is capable of detecting complexity in an accurate
manner in measurements from SPR-based instruments.

For the parallel measurements in LigandTracer, both interac-
tions had approximately the same dissociation rate for the domi-
nant portion of the interaction (peak i). This dominant portion
had higher association rate in the HSA–ab18080 measurement
than in the trastuzumab–protein A measurement, The HSA–
ab18080 interaction also displayed a clear secondary peak (peak
ii). When the two interactions were combined, peak ii gradually
disappeared as the signal from the trastuzumab–protein A compo-
nent was increased through modification of specific activity. This
means that the Interaction Map method is capable of detecting
complexity in an accurate manner without any a priori assump-
tions also in LigandTracer measurements.

Simulations were used to verify the applicability of the two
experimental setups used in this paper. All interactions detected
in the measurements were well within the range of interpretable
affinities and kinetics for the respective experimental setups.
Hence, IM has elements suitable for quantification of interaction
heterogeneity for these two examples.

The original assumption for Interaction Map is that one ligand
interacts with an unknown number of targets, but in the
LigandTracer measurement two different molecules, each binding
to a unique partner immobilized onto a magnetic bead. As long
as the concentrations of the two molecules in solution (in this case
HSA and trastuzumab) are the same, IM will regard them as one
complex interaction. The relative signal will depend on a multitude
of factors, including the specific activity (number of radioactive
nuclides per molecule) of the two molecules, the number of avail-
able binding partners on the magnetic beads, and the relative affin-
ity of the two interactions. For the purpose of illustrating the
capacity of IM to accurately decipher a complex interaction, it is
a valid and convenient method to use parallel independent
interactions.

There are several ways to better resolve closely located peaks.
One way is to increase the number of concentrations at which
the interaction is quantified. Another way is to increase the num-
ber of nodes used for deriving the map and hence get a greater pix-
el resolution, but this increases the computational time. A third
possibility is to reduce the regularization method and thereby
implicitly allowing more peaks to appear. The resolution power
of IM should however be compared to the expected noise and error
obtained during typical kinetic analysis. Önell and Andersson [18]
reported that for interaction analysis of purified molecules using
Biacore instruments, the typical variation of results within a labo-
ratory is about 15% and between laboratories up to about 50%, all
when using well-behaving molecular model systems. In less
well-behaving molecular systems, and in particular in cell-based
assays, the typical variation is higher. The current resolution of
IM is therefore adequate for the analysis of protein-cell interac-
tions and sufficient for many cases of interaction analysis of puri-
fied proteins. More experience is required to define the limits of
IM as a tool for absolute characterization of heterogeneous
interactions.

This report shows that IM is an efficient way to decompose the
components of biomolecular interactions of a protein to a hetero-
geneous member, such as cells. The approach can pin-point small
differences in interaction characteristics, virtually unattainable
with the current reductionistic analysis tools of real-time interac-
tion data and completely impossible to grasp with end-point as-
says like immunofluorescence and RIA. IM is a complement to
hypothesis driven research, where new light can be shed on com-
plex interactions such as the EGF-EGFR interaction [3]. A drawback
of the IM method is the time required to derive a map.

The potential use of IM is broad. Most importantly, it becomes
possible to approach ligand-receptor interactions from a functional
standpoint in order to guide and complement the assembly of the-
oretical interaction models [3]. There are also diagnostic applica-
tions of IM, most evidently for the benefit of cancer patients [19].

In conclusion, we have challenged the Interaction Map method
for analysis of complex protein–protein interactions and proven it
useful. We believe that the functional and systemic approach of IM
will become an important complement to the current reductionis-
tic analysis of heterogeneous protein interactions in both basic re-
search and applied sciences.
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