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Abstract Protein concentration data are required for under-
standing protein interactions and are a prerequisite for the
determination of affinity and kinetic properties. It is vital for
the judgment of protein quality and for monitoring the effect
of therapeutic agents. Protein concentration values are typical-
ly obtained by comparison to a standard and derived from a
standard curve. The use of a protein standard is convenient,
but may not give reliable results if samples and standards
behave differently. In other cases, a standard preparation
may not be available and has to be established and validated.
Using surface plasmon resonance (SPR) biosensors, an alter-
native concentration method is possible. This method is called
calibration-free concentration analysis (CFCA); it generates
active concentration data directly and without the use of a
standard. The active concentration of a protein is defined
through its interaction with its binding partner. This concen-
tration can differ from the total protein concentration if some
protein fraction is incapable of binding. If a protein has several
different binding sites, active concentration data can be
established for each binding site using site-specific interaction
partners. This review will focus on CFCA analysis. It will
reiterate the theory of CFCA and describe how CFCA has
been applied in different research segments. The major part
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of the review will, however, try to set expectations on CFCA
and discuss how CFCA can be further developed for absolute
and relative concentration measurements.

Keywords SPR - CFCA - Protein quality - Vaccine -
Biomarker - Simulation

Introduction
General

Proteins are complex molecules involved in catalysis and sig-
naling, and serve as building blocks in cells. They often func-
tion in networks, and a single protein may interact with several
other biomolecules. Protein expression may differ in health
and disease, and specific proteins have been identified as bio-
markers, i.e., as indicators of normal biological processes,
pathogenic processes, or pharmacologic responses to thera-
peutic intervention. Antibodies are generated for the detection
of biomarkers and both antibodies and vaccines are designed
for the treatment or prevention of a range of diseases. Clearly,
correct estimates of protein activity and concentration will be
important for obtaining a better insight into protein function.
The first time a protein is expressed, no standard prepara-
tion is available. An immune response can differ from one
animal to another or from one person to another, and it may
be difficult or even impossible to identify a specific IgG that
can be used as a common standard. Commercial research re-
agents may not always show the expected activity, and this
may impact the quality and cost of research (Baker 2015). It is
in situations like these that calibration-free concentration anal-
ysis (CFCA) can make an impact, as it has the potential to
measure active concentrations without the use of a standard.
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Theoretical background to CFCA

With surface plasmon resonance (SPR) detection, the binding
of'an analyte (A) to its immobilized interaction partner (B) can
be monitored directly without the use of labels (Jonsson et al.
1991). In Biacore systems, the analyte is injected over the
sensor surface under conditions of laminar flow (Sjoelander
and Urbaniczky 1991), and the SPR response has been shown
to correlate with changes in mass on the sensor surface
(Stenberg et al. 1991).

CFCA methodology on the Biacore platform has been de-
veloped gradually from early concepts (Karlsson et al. 1993),
to broader applicability (Christensen 1997) to incorporate
the use of global analysis of concentration series
(Sigmundsson et al. 2002). Binding events are generally
described by a two-compartment model (Myszka et al.
1998), where transport of analyte to the sensor surface
and binding at the sensor surface are regarded as linked
processes, as illustrated in Fig. la.

The height of the depletion layer depends on the flow
rate, and is reduced at high flow rates. The balance be-
tween transport and kinetic rates can be further controlled
by altering the immobilization level. For the same interac-
tion, the shape of the binding curves can differ dramati-
cally and depend on the experimental conditions. With
low immobilization levels (Fig. 1b), binding curves can
be expected to reflect the kinetics of the interaction, and
binding rates do not depend on the flow rate. Transport
effects are negligible, and the surface concentration is
identical to the bulk concentration of the sample. At high
immobilization levels (Fig. lc), transport effects can be
significant, and binding curves become flow rate-depen-
dent. In parallel, the time to reach a steady state is
prolonged. In this situation, the concentration at the sensor
surface varies with the flow rate, and is lower than the
bulk concentration.

Kinetic analysis and CFCA share theoretical concepts,
but differ in the way data are generated and analyzed (Pol
et al. 2016). CFCA analysis is focused on initial binding
rates, and requires that the transport coefficient can be pre-
calculated and used as a constant during data analysis.
CFCA also requires that the interaction is probed with
two flow rates.

By fitting binding data to the one-to-one interaction model,
the concentration of the analyte can then be determined.

This differentiates CFCA from kinetic analysis, where the
concentration has to be entered as a constant and the transport
coefficient is calculated during the fitting procedure, along
with the rate constants.

Unfortunately, it is not possible to simultaneously fit ana-
lyte concentrations and the transport coefficient, as these pa-
rameters cannot be resolved from each other.
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Fig. 1 Transport and binding of analyte to a sensor surface. a Analyte
(square) in solution enters an unstirred diffusion layer. A transport
coefficient (k,,) describes transport across the diffusion layer to the
sensor surface, where the analyte binds to its ligand (circle segment).
Binding rates are defined by analyte and ligand concentrations and rate
constants k, and ky. b, ¢ Binding curves observed for 32uglobulin (100
nM) injected at flow rates of 5 (red curve) and 100 (blue curve) pL/min. b
142 RU of anti-32pglobulin immobilized to sensor chip CMS: transport-
independent binding. ¢ 7150 RU of anti-32uglobulin immobilized to
sensor chip CMS: transport-dependent binding

Applications

CFCA has been used in a number of situations (Table 1)
including: quality control of protein reagents, to measure
the effect of modification or stress on protein activity, to
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establish a standard for concentration assays, to validate
kinetic analysis, for batch-to-batch control of bio-
therapeutics, to guide purification procedures, for the
analysis of vaccine constructs, for the determination of
antibody response in vaccine studies, and for biomarker
analysis.

Sample matrixes range from pure buffer systems to
diluted serum samples. For “absolute” concentration data,
the binding model assumes that the interaction proceeds as
a one-to-one interaction, but real-life applications include
examples where avidity and/or heterogeneity contributes to
the response. In such cases, the resulting data are inter-
preted as relative concentrations, or CFCA data are
regarded as an empirical value that can be correlated to
other effects. Examples of relative analysis include compa-
rison of stressed and wild-type protein (Hensel et al. 2011),
comparison of alkaline tolerance of protein A constructs
(Watanabe et al. 2013), or batch-to-batch comparisons
(Pol et al. 2016). CFCA data have been successfully corre-
lated to growth inhibition in vaccine development (Spiegel
et al. 2015) and for the identification of biomarkers (Ray
et al. 2015; Shah et al. 2015).

Reliability of CFCA
The transport coefficient

In contrast to kinetic analysis, which has benefitted from
increased sensitivity of SPR systems, CFCA has received
less attention from developers and from the user communi-
ty. This is surprising, as CFCA can potentially be developed
to an absolute concentration method. For this, a detailed
understanding of the transport coefficient is necessary
(Pol et al. 2016). By examining the parameters in the trans-
port coefficient, it is possible to estimate the repeatability
and accuracy of CFCA measurements. The transport coef-
ficient can also be used to calculate the degree of mass
transport limitation (MTL). With this, it may be possible
to predict under which circumstances CFCA can be suc-
cessfully applied.

s D*.F
ki =0.98-/— .
h -w-(a—ﬁ/2 +1.5 ﬁ)

#107*Mw (1)

The transport coefficient, k¢, includes parameters
(Table 2) that reflect the design of the Biacore system,
the flow rate, a factor for the conversion of RU to surface
concentration, the molecular weight, and the diffusion
coefficient of the analyte.

The conversion factor is not explicitly seen in the final ex-
pression, but it is assumed that 1 RU is 10°® g-m > (Stenberg
etal. 1991).

Biacore-specific data vary between different versions of
Biacore systems. The Biacore=specific data provided in
Table 2 are nominal values for an injection in flow cell FC 2—
1 in Biacore T200 systems. The height and width are properties
of the flow system and the integrated fluidic cartridge (IFC).
The distance from the inlet to the center of the detection spot
depends on the angle of incident light and on the thicknesses of
the optointerface and the glass on the sensor chip. The length of
the detection spot is given by the optical settings.

Simulation and re-evaluation of data

Simulations of data using kinetic models were performed using
the “fit simulate curves” function in BIAevaluation software
v4.1.1 available from GE Healthcare. Re-evaluation of data
was performed with the same software, to which the CFCA
model was entered using the “fit/edit models™ function.

All rate equations are presented in the Supplementary data.

The degree of MTL

The degree of MTL can be obtained from the following rela-
tion (de Mol and Fischer 2008; Pol et al. 2016):
1
MTL = ———— (2)
1 —+ L
ka X Rmax

This expression scales transport (k;) and binding (k,*Rax)
rates.

Christensen (1997) used simulation and re-analysis of
binding data, and showed that accurate concentrations could
be obtained with MTL as low as 0.2. They derived concentra-
tions using binding rates rather than full binding curves.
Figure 2 shows simulated and re-evaluated data (for the rate
equations, see the Supplementary data) using whole binding
curves.

Data were simulated with varying k,, k4, and concentration
values, as shown in Fig. 2. The maximum binding capacity
was set to 2000 RU, and a k value at 1 pL./min of 4.88%10%
RU*M '#s7! was used in the simulations. This k, value was
obtained using an Mw of 150 kDa and a diffusion coefficient
of 4.0%107"" m?%/s as inputs (Eq. 1) to mimic antibody exper-
iments described by Pol et al. (2016).

Each subfigure in Fig. 2 contains 12 sensorgrams; six sim-
ulated sensorgrams and the corresponding fits. In Fig. 2a, b,
binding curves at 5 and 100 uL/min overlap almost complete-
ly, with very little influence of mass transport. In Fig. 2c-h,
where higher association rate constants are used, transport

@ Springer
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Table 2 Parameters in the
transport coefficient, k;

k, 7.6%¥103 M5

k, 8.6¥105 M5

k, 3.3¥106 M5

k, 3.3*¥106 M5t

Fig. 2 Impact of the degree of mass transport limitation (MTL) on
calibration-free concentration analysis (CFCA) data. Overlay plot of
simulated and fitted data. Data were simulated for a one-to-one
interaction with R, of 2000 RU, kg values of %1072 ¢! (a, c, e g
and 1*10° 57! (b, d, f, h). Flow rates were 5 and 100 puL/min and the k,
value at 1 pL/min was 4.88%10% RU*M '#s™!. k, varied and was
7.6¥10° M's™ (a, b), 8.6¥10° M™'s ™' (¢, d), and 3.3*10° M"'s™' (e, f,
g, h). Analyte concentrations were 5, 10, and 20 nM (a—f) and 0.5, 1, and
2 nM (g, h). Each curve is identified by the scale to the right and this scale

@ Springer

Response (RU)

(9]

Response (RU)

o®

«Q Response (RU)

Response (RU)

Parameters Biacore-specific data
o Distance from the flow cell inlet to the center of the detection spot (m) 1.28%10°°

B Detection spot length (m) 1.80%107

D Diffusion coefficient (m>:s)

F Volumetric flow rate (m>s )

h Flow cell height (m) 4%107°

Mw Molecular weight (gmole™")

W Flow cell width (m) 5.00%10*

Note that Biacore-specific data vary for different instruments and flow cell designs. The values provided here are
relevant for the Biacore T200 flow cell FC 2—1 configuration

kg 1%*10 2571 b kg 1*10-5s1
12 4 12
MTL0.01-0.02 MTL0.01-0.02 — 1,
107 Ccexp 200 107 Cexp 200 d
Cfound 19.6

87 Cfound 20.0 EE
6
/“ 4

Response (RU)

Response (RU)

-2 + + -2 + + + + + i
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (s) d Time (s)
120 T MTL0.07-0.17 120 1 MTL0.07-0.17 1
101Cexp  20.0 ~ 1004 Cexp  20.0 - 2
80 + Cfound 20.0 go] Cfound 20.0
60 - =) 3
[4
40 g 4
5
20 4 § 6
0 &
-20 T T T t T 1 -20 + t + + t 1
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (s) Time (s)
12001 MTLO.75-0.89 12007 MTLO.75-0.89 =1
1001 Cexp  20.0 - 10001 Cexp  20.0 /
800 Cfound 20.1 _. 8001 Cfound 20.8
2
4 600
@ 4004
& 2001
g o
4 -200 + + + + + 1
60 0 10 20 30 40 50 60
Time (s) h Time (s)
120 - 140 4
1001 MTL0.75-0.89 e 120 EATLOJSZ'%SQ — 1
ol Cexp 20 100 { Cfexp d 2'0 -
Cfound 2.0 1 Htound 2.

20 30 40 50 60
Time (s)

Time (s)

1) 20 nM; 100ul/min
2) 20 nM; Sul/min
3) 10 nM: 100p!/min
4) 10 nM; 5ul/min
5) 5nM; 100ul/min

6) 5 nM; Sul/min

1) 2 nM; 100p!/min
2) 2 nM; Spl/min

3) 1 nM: 100ul/min
4) 1 nM; Spl/min
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is applicable to both left and right sensorgram panels. As simulated and
re-evaluated data are shown in an overlay plot, each subfigure contains 12
sensorgrams. In Fig. 2a, b, only three curves are visible, as data obtained
with flow rates of 5 and 100 pL/min overlap almost completely. The
resulting binding curves were re-analyzed using the CFCA model,
which includes a dilution factor to allow for global analysis of a
concentration series. The insert shows the degree of MTL calculated
with Eq. 2, together with the expected Cey,, (used in simulations) and
found Cgyyng (determined by the CFCA algorithm) concentrations in nM
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effects become visible and binding curves obtained at 5 and
100 pL/min start to spread out. In all cases, simulated curves
(red for 100 uL/min and blue for 5 uL/min) and fitted curves
(gray) appear tightly together. The fitting procedure takes all
dilutions into account and returns one concentration value that
corresponds to that of the undiluted sample. The fitted con-
centrations agree with concentrations used in simulation and
differences in k4 values do not impact the results.

Clearly, binding curve analysis confirms the findings of
Christensen, and demonstrates that CFCA analysis can be ex-
pected to return correct concentrations at very low degrees of
MTL. The simulations further indicate that CFCA will be possi-
ble for interactions with dissociation rate constants, at least in the
range from 102 to 10> s, The analysis requires the use of two
flow rates for accurate analysis of transport effects and simulated
data cannot be retrieved if only one flow rate is used.

These simulations are in contrast to the experimental data
from Pol et al. (2016), where concentration values obtained at
varying degrees of MTL differed, and increased with 30 to
50 % as immobilization levels and the degree of MTL
dropped. This trend was observed for analytes in the molecu-
lar weight range from 430 Da to 150 kDa, and with diffusion
coefficients from 4.0%107"" m?/s to 3.7%107'° m?%/s.
Interestingly, experimental data reported by Visentin et al.
(2016) showed consistent concentrations for HLA-A and an-
tibody samples, irrespective of the degree of MTL that ranged
from 0.1 to 0.4. To obtain more insight into these findings, it
may be useful to look into the repeatability and accuracy of
CFCA, and factors that influence them.

Repeatability

By using the randbetween function in Microsoft™ Excel™,
the influence of system parameters on assay repeatability were
estimated by assigning a percentage error to each parameter
and calculating k, for 1000 random settings (Fig. 3). These k;
values were compared to nominal k; values.

With errors of 1 % for height, width, and detection spot
length, and 3 % in flow rate (5 or 100 pul/min) and distance
from the flow cell inlet to the center of the detection spot
(Fig. 3a), the coefficient of variation, CV, in k; was 1.3 %.
This value can be compared to a response CV of 1.34 % ob-
tained with 1000 repeat injections of hIgG over a surface with
immobilized anti-human IgG antibody (Kérnhall 2011). As
the experimental data include chemical noise (stability of re-
agents and sensor chips), it can be assumed that system pa-
rameters which influence k; are very stable during a run.

The situation is somewhat different when 1000 Biacore
systems are compared, as IFCs, pumps, optointerfaces, and
optical settings are unique to each system (Fig. 3b). To mimic
1000 Biacore system, errors of 5 % for height, width, detec-
tion spot length, and flow rate, and 15 % error for the distance
from the flow cell inlet to the center of the detection spot were

a
1.2
1.1
£1.0 [N
©
Ko
0.9
Average 1.00 Max 1.04
CV 1.3% Min0.96
0-8 A A A A J
0 200 400 600 800 1000
Repeat number
b
1.2
1.1 H
£10
©
o
0.9 } !
Average 1.00 Max1.14
CV5.1% Min0.88
0.8 - . . s ’
0 200 400 600 800 1000
Repeat number

Fig. 3 Predicted variation in k, values. Error spaces were assigned to the
nominal values of the height and width of the flow cell, the flow rate, the
distance to the detection center spot, and the detection spot length. a
Variation over time in one Biacore system. b Hypothetical variation
between 1000 Biacore systems. The text in each figure shows the
average, relative standard deviation (%CV), and maximum and
minimum values

assumed. With these settings, the CV in k; increases to just
over 5 %, with a min/max range of approximately +/— 15 %.

Accuracy

The conversion from RU to mass assumes that one RU corre-
sponds to a mass increase on the sensor surface of 10 ® g'm 2.
This conversion factor was obtained by using radioactively
labeled proteins (Stenberg et al. 1991). In these experiments,
proteins were bound to a carboxymethylated dextran sensor
surface by electrostatic forces. The protein sample was re-
circulated until a steady state was reached, and then trans-
ferred to a scintillation counter.

Binding experiments are very different. A ligand is already
immobilized when the analyte is injected, and the distribution

@ Springer
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of the analyte in the dextran matrix may not be known.
Different binding scenarios are illustrated in Fig. 4.

Figure 4a corresponds to the radioactivity experiment,
where the protein was found to be evenly distributed in the
matrix. In Fig. 4b, a low immobilization level is used and the
analyte is distributed throughout the dextran matrix. In Fig. 4c,
a high immobilization level is used. Here, most of the analyte
is assumed to remain at the top of the immobilized layer, as
diffusion into the matrix may be prevented. In Fig. 4d, a cap-
ture approach is used. The capturing agent is immobilized to a
high degree and the ligand is bound on top of the capturing
agent. The analyte is again assumed to remain at the top of the
sensor surface. In Fig. 4e, the ligand is immobilized to a flat
surface without a dextran matrix and the analyte binds to the
immobilized ligand.

When these scenarios are considered in view of the
evanescent field strength at the SPR angle (Stenberg
et al. 1991), it is clear that the highest response per mass
unit will be obtained on the flat surface. The intensity of
the SPR signal decays exponentially with increasing dis-
tance from the sensor surface. In Biacore systems, the
effective penetration depth, where the field strength is
reduced to 1/e (0.37), is close to 150 nM, and the field
strength is almost twice as high at the surface compared
to 100 nm away from the surface. The difference in
response per mass unit is, thus, approximately two-fold
when scenarios with protein binding to the top of the
dextran matrix are compared with binding to a 2D sur-
face without a dextran matrix. Consequently, the re-
sponse per mass unit will be lower in the scenarios in
Fig. 4c, d, where mass is accumulated at the top of the
surface compared to the scenarios in Fig. 4a, b, where
protein is distributed within the dextran matrix.

The experimental setup used by Pol et al. (2016) corre-
sponds to Fig. 4b, ¢ and that of Visentin et al. (2016) to
Fig. 4d. This may explain why Visentin et al. obtained con-
sistent concentration data irrespective of the ligand level. The
ligand was always captured and may have been confined to
the top of the matrix. During analyte binding, the specific
response can, therefore, be expected to be constant, as there
is little variation in the SPR field strength.

e 1

Fig. 4 Hypothetical distribution of analyte on sensor surfaces and in the
surface plasmon resonance (SPR) evanescent field. a Electrostatical
attraction of analyte to carboxymethylated dextran. b Binding of
analyte to ligand immobilized to a low level. ¢ Binding of analyte to
ligand immobilized to a high level. d Immobilization of capture
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The results obtained by Pol et al. (2016) and Visentin et al.
(2016) demonstrate that the distribution of the analyte in the
evanescent field has to be considered, if absolute concentra-
tion data are to be obtained.

It has been suggested that the effective diffusion coefficient
can vary by at least one order of magnitude (Schuck 1996;
Schuck and Zhao 2010) between solution and dextran matrix
compartments. This would slow down reactions at higher im-
mobilization levels, and would lead to lower concentration
values. Diffusion effects may, therefore, contribute to the
trends observed by Pol et al. (2016). However, the diffusion
coefficients used in the CFCA analysis were solution based,
and the active concentrations obtained at high degrees of im-
mobilization gave results approximately 15 % lower than the
total analyte concentrations. A ten-fold change in the diffusion
coefficient would lead to a 4.6 times change in the transport
coefficient. Such a change would impact concentration values
much more than the 30-50 % that was observed when the
immobilization levels were varied. Nevertheless, the differ-
ences observed in CFCA data may still be influenced by
changes in diffusion that may have to be considered along
with analyte distribution in the evanescent field.

The importance of analyte distribution and the impact of
the evanescent field strength have been discussed already by
Christensen (1997), who suggested the use of 2D surfaces for
CFCA analysis.

At that time, there was too scarce experimental data to
support the recommendation. Given the results by Pol et al.
(2016) and Visentin et al. (2016), two approaches now appear
possible for improving CFCA; the use of 2D surfaces or the
use of capture on highly immobilized dextran surfaces.

Pol et al. (2016) introduced a form factor that can be
used to calibrate CFCA data. The form factor is included
in the CFCA algorithm found in Biacore T200 Evaluation
Software version 3.0. The form factor can be edited by the
user. It is suggested for tuning the transport coefficient
based on results obtained with one or several analytes
where the active concentration is known. A first attempt
in this direction has been made by setting the form factor
to 0.81 for the scenario in Fig. 4c (Pol et al. 2016). With a
calibration kit, based on an analyte with known active

A Analyte

‘ Ligand
"E" L Capture

molecule

molecule to a high level, followed by capture of ligand and binding of
analyte. e Binding of analyte to ligand immobilized on a surface without
dextran matrix. The gray bar illustrates that the strength of the SPR signal
is reduced with increasing distance from the gold surface
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concentration, molecular weight, and diffusion coeffi-
cient, it would be possible to handle data from both 2D
surfaces and capture approaches. Additionally, it would be
possible to ensure consistency of data from one instru-
ment to another.

Instead of ligand-specific concentration analysis, the
scenarios in Fig. 4a, e (if no ligand is attached to a
negatively charged surface) can potentially be used to
estimate the total protein concentration. This avenue of
research is still largely unexplored. The rate of protein
binding to highly charged surfaces is certainly transport
limited, but the binding rate may also potentially be
influenced by pH and by the use of different charge
densities on sensor surfaces. Still, this points to a pos-
sibility to determine both total and binding-specific con-
centrations of a purified protein.

Relative data

While CFCA can already be used to estimate an absolute
concentration, a 15-30 % error can sometimes be expected.
This error may drop considerably if a calibration kit becomes
available.

However, in many instances, a relative concentration or the
concentration ratio between two samples is of key interest.
This is the case in potency testing, where a new sample is
always compared to a reference product. By taking the ratio
of two CFCA results determined under similar conditions,
uncertainties in CFCA will cancel out. The result will be in-
dependent of how the signal is interpreted and errors in the
values of the diffusion coefficient and the molecular weight
will no longer impact the results.

Table 3  Predictions of the impact of avidity on CFCA data

Data obtained with non one-to-one interactions

The analytical situation is often more complex than suggested
by a one-to-one interaction. Antibody binding to antigen may
lead to avidity effects and can then not be considered as single
binding events.

Simulation of avidity effects (Table 3) indicate that avidity
will not impact concentration data when low concentrations
(1-4 nM) are used. This means that it will be possible to
determine antibody concentrations when antibodies bind to
immobilized antigen.

Heterogeneous binding may occur for a number of reasons.
An immune response may be polyclonal and several antibod-
ies may react in parallel or compete for antigen binding.

Alternatively, an analyte can be present in multiple forms
due to post-translational modifications or aggregation. In
some cases, the analyte may bind non-specifically to the sen-
sor surface.

To illustrate one case, specific and non-specific bind-
ing were simulated. For each situation, the one-to-one
interaction model in BIAevaluation software v4.1.1 was
used for the simulation. This resulted in sensorgrams for
the specific binding and sensorgrams for the non-
specific binding. The response values for each binding
event were added to obtain sensorgrams that contained
both elements and, finally, these sensorgrams were re-
analyzed with the CFCA model. In simulations, binding
was assumed to proceed with a ten-fold higher associa-
tion rate constant for the specific binding and with a
ten-fold lower or equal binding capacity for the non-
specific element. Evaluated data in the first case were
4 % higher than expected and in the second case, it was
37 % higher.

Parameter values used in simulations Concentrations

Ka1 kKoo kg s°h kex Y Rpax (RU) Flow rates ke at 1 ul/min Conc. Expected Found
M's™h RU's™ (1L/min) RU*M 's™ (nM) (M) (nM)
7.59%10° 5.06%107* 1%1072 1%1072 2000 5and 100  4.88*10° 1,2,and4 4.0 4.0
7.59%10° 5.06%107° 1%1072 1%1072 2000 5and 100 4.88*10° 1,2,and4 4.0 4.0
7.59%10° 5.06%107° 1%102 1%1072 2000 5and 100 4.88*10° 1,2,and4 4.0 4.0
8.65%10* 5.77%10- 1%1072 1%1072 2000 5and 100 4.88*10% 1,2,and4 4.0 40
8.65%10* 5.77%1072 1%¥1072 1%1072 2000 5and 100 4.88*10° 1,2,and4 4.0 4.0
8.65%10* 5.77%10°* 1%1072 1%1072 2000 5and 100  4.88*10° 1,2,and4 4.0 4.0
1.48%10° 9.87%10 > 1%1072 1%1072 2000 5and 100  4.88*10° 1,2,and4 4.0 4.1
1.48%10° 9.87+%10°! 1#1072 1%#1072 2000 5and 100 4.88*10° 1,2,and4 4.0 4.0
1.48%10° 9.87%107° 1#1072 1#1072 2000 5and 100 4.88*10° 1,2,and4 4.0 4.1

Avidity was simulated with the bivalent analyte model and re-evaluation of data with the CFCA model (see the Supplementary data for rate equations)
using BIAevaluation software v4.1.1. The second association rate constant reflects a binding event that occurs on the immobilized ligand. For each first
association rate constant, three second association rate constants were tested to probe cooperative binding events. Low concentrations were used to

ensure low ligand occupancy
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Clearly, heterogeneity can impact CFCA results. This sug-
gests that the design of the assay will be important. Clean-up
of ligand or sample as well as design of a reference surface
may allow the investigator to focus the data on the analyte of
interest. The use of diluted sample may also be beneficial, as
this may favor the binding of interest.

Conclusions

The importance of protein concentration is undisputed, but the
determination of protein concentration is typically not consid-
ered a hot topic. CFCA, as discussed in this paper, however,
has some remarkable features. It measures active concentra-
tions, and accurate concentration data may be determined di-
rectly without the use of a standard preparation. Current
CFCA methodology allows a user to easily set up an experi-
ment. With cycle times of 1-2 minutes, the assay is rapid and
results are obtained in a short time. The repeatability of CFCA
analysis is excellent (Pol et al. 2016). The ratio of CFCA
concentrations determined under similar conditions is useful
for potency analysis, where a new sample is compared to a
reference preparation. As discrete CFCA results are available
for both sample and reference, CFCA not only allows calcu-
lation of the ratio between samples, but it can also be used to
control that the reference sample does not change over time.

CFCA at this point does not seem to have gained wide-
spread use or even general acceptance. In fact, many of the
papers cited in this article originate from a few research
groups. One reason for this may be linked to the difficulty in
validating CFCA results. Theoretical analysis suggests that
CFCA has the potential to provide accurate results, even at
low degrees of MTL. Experimental data obtained with directly
immobilized ligands contradict this assumption, as CFCA re-
sults depend on the immobilization level, in spite of accept-
able degrees of MTL. Uneven distribution of analyte in the
dextran matrix coupled with the fact that the signal strength
decays with distance from the sensor surface may explain the
discrepancy between simulated data and experimental results.

Two approaches are suggested to improve on the accuracy
of CFCA: to use 2D surfaces or capture on highly
immobilized 3D (dextran) surfaces. When these approaches
are combined with a calibration kit or clear instructions on
how to calibrate CFCA parameters, CFCA methodology
may come into maturation.

Improved methodology does not mean that all challenges
have been mastered. Different proteins may have different
refractive index increments (Zhao et al. 2011). Fortunately,
this can be calculated and, therefore, used in CFCA algorithms
as part of the form factor. CFCA additionally relies on the fact
that the diffusion coefficient of the analyte can be determined,
and errors in the diffusion coefficient will propagate into the
CFCA results.

@ Springer

CFCA is already at a stage where relative concentrations
determined by it can be used in potency and similarity studies.
In parallel with the development of CFCA as an absolute
concentration method, it is expected to be continuously used
for the analysis of more complex interactions. While avidity is
predicted not to influence data, heterogeneity may and this
will require attention during the design of the assay. Here,
values determined by CFCA should not be considered as ab-
solute concentration values, but they can be used to estimate
protein concentrations and changes in concentration over
time. Empirical use of CFCA in vaccine studies and for bio-
marker analysis has already provided meaningful input to aid
vaccine design and for the grouping of patients.
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