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Abstract: The accurate determination of the maximum
turnover number and Michaelis constant for membrane
enzymes remains challenging. Here, this problem has been
solved by observing in parallel the hydrolysis of thousands of
individual fluorescently labeled immobilized liposomes each
processed by a single phospholipase A2 molecule. The release
of the reaction product was tracked using total internal
reflection fluorescence microscopy. A statistical analysis of
the hydrolysis kinetics was shown to provide the Michaelis—
Menten parameters with an accuracy better than 20 % without
variation of the initial substrate concentration. The combined
single-liposome and single-enzyme mode of operation made it
also possible to unravel a significant nanoscale dependence of
these parameters on membrane curvature.

M any demanding challenges in bioscience and medicine
can be uniquely addressed by a single-molecule approach.!!
Biological molecules of particular relevance in this context
are enzymes, which are catalysts accelerating essential
biochemical reactions with high efficiency and fidelity.
When experiments are performed in the single-molecule
regime, the concentration of the active enzyme becomes
irrelevant for the determination of the specific enzymatic
activity,” and simultaneously it is not necessary to synchron-
ize the onset of catalytic activity of multiple enzymes. This
approach has provided new insights on static and dynamic
heterogeneities in enzymatic reactions® fluctuations of
catalytic reaction rates and conformational changes
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during substrate conversion.”! Parallel progress in structure
determination and theoretical simulations has made the
knowledge gained from single-molecule approaches of vital
importance from fundamental scientific, medical diagnostic,
and pharmaceutical points of view.["!

Among the most important details of an enzymatic
reaction are those quantifying the Michaelis—Menten steps,
including the reversible association of substrate (S) and
enzyme (E) into a substrate—enzyme complex (SE) and the
catalytic formation of the product (P) [Eq. (1)].

S+E=SE—P+E (1)

For this scheme, the conventional mass-action law equations
can easily be solved in the steady-state approximation for the
SE concentration, and the reaction rate per enzyme is given
by Equation (2).

kikea[S) _ kealS]
S|+ ko +kea  [S]+Kn )

W:k1

Here k_, is the maximum turnover number, K, = (k_; + k,)/
k, is the Michaelis constant, and k, and k_, are the rate
constants for the reversible S—E association. Conventionally,
these parameters are determined by repeated measurements
of the initial conversion rate at varying substrate concen-
tration.’” However, for enzymes that act on cell-membrane
components”! this procedure is not efficient because the
substrate concentration cannot be readily varied.’! Herein,
we present measurements of single-enzyme membrane kinet-
ics (Figure 1) and show how sufficient statistics enables
extraction of both k., and K,, without the need to vary the
initial substrate concentration.

The concept is shown for the membrane-active enzyme
phospholipase A2 (PLA2), which catalyzes lipid digestion.
For the phospholipid liposomes used here, this reaction occurs
in the outer monolayer,”! and the dye employed to visualize
the process was positioned on the acyl chain of the phospha-
tidylcholine (PC) lysolipid product, proposed to be irrever-
sibly released upon digestion."”! Tail-labeled lipids of the
same type as the major POPC lipid were chosen to minimize
possible influence of the lipid composition on the reaction
kinetics."”

The high-precision determination of k. and K, was
achieved by using large data sets obtained from a surface-
based single-liposome assay that provides time-lapse micros-
copy images of surface-immobilized fluorescently labeled
liposomes during their hydrolysis by single PLA2 molecule
(Figure 1a; see the Supporting Information and Ref. [2b] for
details). In this way, up to 1000 liposomes (Figures 1b-d),
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Figure 1. Schematic of the single-liposome hydrolysis assay.™ a) The
PLA2 activity is probed on surface-immobilized liposomes using total

160

internal fluorescence (TIRF) microscopy (fluorescent dyes are attached to

the lipids). b) Time-lapse images are acquired with a multitude of single
liposomes from which individual substrate conversion kinetics are
extracted. c) Due to the characteristic lag—burst behavior, the kinetic
traces allow for an automated decision whether the liposome contains n
enzyme (upper curve) or one enzyme (lower curve). In the “no enzyme”
case the slow decrease of the signal is related to photobleaching.

o

d) Histograms reveal the ratio between liposomes containing one enzyme

(ca. 20%, red) and no enzyme (80%, green).

each processed by an individual membrane-associated PLA2,
were measured in PLA2-containing human cerebrospinal
fluid (CSF) samples, as described.®"!

The observed kinetics can be treated in the framework of
the conventional Michaelis-Menten mechanism [Eq. (1)],
which was originally worked out for enzymes acting in
solution.”'] For membrane enzymes, the Michaelis-Menten
reaction steps are usually complemented by those represent-
ing the enzyme and/or substrate transport to and association
with the interface."!! Certainly, such enzymatic reactions can
also be complicated by other factors, such as complex lipid
composition, raft formation, and curvature-induced mem-
brane strain.'? Here, we consider the catalytic hydrolysis of
lipids in a homogeneous liposome, where the substrate
concentration, [S] = N/N,, is defined by the current number
(N) and initial number (N,) of lipid molecules. The initial total
internal reflection fluorescence (TIRF) intensity can be used
to determine the liposome size and thus N for each lip-
osome.””! If we apply Equation (2) for the reaction rate for
hydrolysis by a single enzyme molecule, we have Equa-
tion (3).

dN

dr

keuN

" N+K,N, (3)
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Integration of Equation (3) yields Equation (4).

N—=Ny+ Ky NoIn(N/Ny) = —kea(t—10) 4)
Here ¢t =1, defines the start of the reaction after the lag time
(Figure 1c). [Numerical calculations revealed excellent
precision of the steady-state approximation represented
by Eq.(3); see FiguresS1 and S2 in the Supporting
Information.] To use Equation (4), we take into account
that the fluorescence of the lipid markers also decreases
due to photobleaching. Since this process is independent of
the enzymatic digestion, their kinetics are decoupled. Thus,
the measurable number of lipid molecules containing
a fluorescently active dye, N, is given by Equation (5).

Ny(t) = aN(t)exp(—ky 1) 5)
Here « is the fraction of such lipids at 1=0, and k, is the
photobleaching rate constant.

Equation (4) implies that the reaction half-life (i.e. the
time corresponding to N/N,=1/2) is approximately propor-
tional to the initial number of lipid molecules N, and
therefore to r*, where r is the liposome radius. Additionally,
the reaction under consideration exhibits a wide distribu-
tion of lag times prior to the enzymatic hydrolysis, and the
Michaelis-Menten parameters may display explicit mem-
brane-curvature dependence. Due to these factors,
attempts to fit the ensemble-averaged kinetics directly by
using Equation (4) with the average value of N, may result
not only in quantitative errors but also in qualitatively
incorrect conclusions even if the vesicle size distribution is
narrow (as detailed below and Sections5 and 6 in the
Supporting Information). This further highlights the impor-
tance of measuring the reaction rate at the single-enzyme-
molecule level in order to get accurate kinetic parameters.

In addition, parameter estimates using Equation (4) become
highly uncertain unless the experimental noise level is very
low (<5%)."¥

To overcome these limitations, we propose a data analysis
approach that combines the information of many single-
enzyme kinetic data sets such that uncertainties caused by
experimental noise and wide distribution in the onset time are
eliminated, while unique features of single-enzyme kinetics
are still available. Previous single-enzyme studies were also
based on large data sets,”™ but they included multiple
sequential measurements and thus relied on a relatively low
rather than a statistically high number of enzyme molecules.
The aforementioned strategy is optimal for characterizing
specific enzymatic activity distributions; however, it is
insufficient at rendering separate N, and Michaelis—Menten
parameters, a feat made possible with our strategy.

The kinetic data can be transferred into a liposome-size-
and lag-time-independent format, which enabled a coefficient
of determination, the R? value [defined by Eq. (S11)], to be
calculated on discrete points of a tight mesh in the two-
dimensional (k. and K,,) parameter space and plotted for
each digested liposome as a contour map (right column in
Figure 2). When roughly 1000 individual kinetic curves were
used without superimposition of the distributions, k., and K,
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Figure 2. Determining the Michaelis constant and turnover number.
Distributions of k., (left) and K, (middle) obtained from a) ca. 1000
individual R?> maps and b) sets of 10 superposed R* maps. The column
on the right illustrates three typical examples of R* maps for each
case. A wide distribution of individual R* maps is an indicator that
accurate determination of the kinetic parameters is difficult.

values obtained from individual global maxima were widely
spread, illustrating that the information contained in one
single point in the k., and K, parameter space is poor (left
and middle graphs in Figure 2a). However, for 100 R*> maps
each composed of only 10 superimposed (single liposome) R?
maps, the distributions of k., and K, values become
significantly more confined (left and middle graphs in Fig-
ure 2b). The superposition of cumulative numbers of indi-
vidual R? maps thereby enables significantly more accurate
parameter estimates. This was verified when we tested the
ability of our strategy to accurately determine k. and K
from an artificially produced set of data fulfilling Equa-
tion (3), to which real measured noise was added (see
Figure S4 in the Supporting Information).

The magnitude of the error introduced by the shortcut
offered by instead reducing experimental data by averaging
over all kinetic curves prior to a determination of the
parameters was shown to be as high as
factor 2 to 3 (Figure 3). This is a direct
consequence of the wide distributions in lag

ure 2b) and that the size of each liposome can be deduced
from the initial TIRF intensity,®® there appears a unique
opportunity to investigate the dependence of k., and K, on
liposome size/membrane curvature. Indeed, the results
obtained for PLA2 in CSF suggests that for large moderately
curved liposomes the turnover numbers are significantly
larger than for smaller liposomes with higher curvatures,
while in contrast, the Michaelis constant decreases (Fig-
ure 4a). Similar results were obtained for purified PLA2 from
Naja naja venom, with the difference that the dependence of
K., on curvature was not statistically significant (Figure S6).
Atrtificial kinetics calculated using combined properties of the
experimental noise and the initial size of a probed liposome
revealed that artifacts resulting from different relative noise
levels can indeed be excluded (Figure 4b).

The absolute values of k., and K, determined here are in
line with previously reported estimates on pig pancreas
PLA2.1 Previous studies!'® also suggest that PLA2-catalyzed
lipid hydrolysis depends on membrane curvature, albeit
without specifying the effect of curvature on k., and K.
The dependence observed here is in line with that reported
for other membrane-associated processes.” In principle, in
analogy with the oligomerization of surface-bound proteins,
the membrane curvature itself can influence reaction rates, at
least if the liposome radius, R, is smaller than 25 nm.!"s! We
observe the effect for R up to 50 nm (Figure 4a and c¢). On this
scale, the effect may be related to curvature-induced mem-
brane strain.'"” The linear tensile strain of the external lipid
layer is about L/2R, where L is the layer thickness. For L =
2nm and R=50nm, the strain is 2%. In analogy with
conventional catalytic processes,"! this strain may result in up
to a 10 % change in the activation energy. With 1 eV as a scale
of this energy, its change may be about 0.1eV (4 k7).
Accordingly, the rates of processes occurring on liposomes
with R <100 nm may very well be up to about one order of

N & ol

time and liposome size, and thus corre- 150]*
sponds to the error that emerges in studies 10075
of this system using experimental methods so] T
that rely on ensemble averaging. While the
influence of the liposomes size distribution
(inset Figure 3 a) on the enzyme kinetics can
to some extent be handled by working with
more narrow liposome size distributions, the
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significant error originating from the broad
distribution in the lag time (inset Figure 3b)
will inevitably remain. Hence, when ensem-
ble averaging is employed, only an overall

enzymatic activity of a sample can be
measured, as was reported previously,”!”
whereas extraction of the enzyme kinetic
characteristics k., and K, significantly ben-
efits from analysis on the level of individual
kinetic curves.

Further, with convergence in the deter-
mination of k., and K, already from roughly
10 (single-liposome) R* maps (see Fig- map with k=10
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Figure 3. Errors originating from ensemble averaging. Examples of theoretically generated
enzyme reaction kinetics without (solid black lines) and with experimental noise from
human CSF samples (black circles) including a) the real size-distribution (see inset), b) the
real lag-time distribution (see inset), and c) both. Blue curves represent ensemble averages
generated from the kinetic data. Insets show histograms of the corresponding distributions
of the size determined through the total fluorescence intensity of each liposome (a) and
the lag time (b). d) R? maps for the examples (a) to (c) compared to the (correct) reference

min~' and K,,=0.6.
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Figure 4. Liposome-size dependence of the enzyme-specific kinetic
parameters. a) Estimated values of k, (stars) and K, (triangles)
versus liposome radius for PLA2 from human CSF samples. b) Control
calculations using the kinetics generated with fixed k., and K., values
(right column). Panels (c) and (d) show the kinetics calculated (with
fixed ) to illustrate the difference in the shape of digestion traces that
correspond to the size dependence of the catalytic rate constants
shown in panels (a) and (b), respectively.

magnitude faster or slower than on flat membranes. The effect
we observe is weaker and accordingly can be explained by the
membrane strain alone; however, product accumulation and
phase separation causing curvature-dependent interfacial
disorder and increased access for the enzyme to the cleavage
sitel' cannot be excluded.

To further quantify the accuracy and precision of the
described data analysis procedure, we generated artificial
kinetics with a known Michaelis constant and turnover
number which in addition reflect the true experimental
noise conditions of our data (see Figure S5). It turned out
that the parameter estimates exhibited standard errors of
11% (k) and 22% (K,,) when data sets of 100 individual
kinetic curves (which approximately correspond to the
number used to deduce the size dependence shown in
Figure 3) were included. It is also instructive to consider the
actual magnitude of the variation in the shape of the digestion
curves caused by the size dependence of the catalytic rate
constants deduced from the analysis. Figure 3¢,d (and Fig-
ure S6b) shows digestion curves generated using Equation (4)
and the rate constants shown in Figures 3a,b (and Fig-
ure S6a), respectively. The magnitude of these variations is
indeed clearly visible but on the same order as the noise of the
single-liposome digestion curves (Figure 3¢). This thus fur-
ther underpins the power of the single-vesicle data analysis
approach presented in this work.

To conclude, the determination of enzyme-specific param-
eters is not as technically straightforward as one may assume
at a first glance. The conventional approaches are based on
examining the initial enzyme rates at varying initial substrate
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concentrations, and the recorded data are typically analyzed
after transformation using a suitable linearization method, of
which the best known is the Lineweaver-Burk plot.!> Since
the number of data points is thereby limited by the number of
measurements conducted with various substrate concentra-
tions, it is common that parameter estimates can be far from
the true values.'®™ The approach of the present work is
different in that the key information is obtained not from
initial enzyme rates at various initial substrate concentrations,
but instead from the shape of the time-dependent product
formation (see Figure 4c,d) at a constant initial substrate
concentration and how this information is manifested in
corresponding superimposed R’ maps. Although the esti-
mates of the Michaelis—Menten kinetic parameters are in our
case quantitatively valid for hydrolysis of the membrane-
embedded dye-labeled lipids only, the strategy is applicable to
any type of single-enzyme kinetics. Its advantage is especially
attractive for interfacial enzymes of the type explored herein,
because it is typically very difficult to vary the substrate
concentration with this class of enzymes. Concerning the
precision of the parameter estimates, further improved
statistics may aid a more detailed analysis of the observed
membrane-curvature dependence of the enzyme-specific
Michaelis-Menten parameters. Such studies would also
benefit from direct label-free visualization of individual
liposomes,m] which could offer a means to deduce whether
there is an influence on the measured enzymatic kinetics of
the dye-labeled lipids and also open up for extensions
including studies addressing the influence of lipid composi-
tion on digestion kinetics, as previously addressed using
ensemble-averaging approaches.”) Regarding these aspects, it
is interesting to note that PLA2 and related membrane-
associated enzymes are biomarkers for a range of disea-
ses,™®2 and have emerged as potential drug targets,”” and
also participate in the innate immune response by acting as
potent antimicrobial agents.”” The membrane-curvature-
dependent enzyme kinetics may thus suggest that both lipid
composition®! and membrane morphology contribute to
their corresponding functions. Further, from a pharmaceutical
perspective, our approach may offer a new means to
determine whether inhibitory drugs designed to alter the
enzyme activity primarily influence k., K, or both, infor-
mation that was previously unattainable for this class of
enzymes.
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