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Background: Although powerful, single subunit counting is time-consuming, prone to user bias, and largely restricted to
Xenopus expression.
Results: PIF is an automated analysis program that identifies subunit stoichiometry of any fluorescently tagged membrane
protein from TIRF recordings.
Conclusion: PIF is accurate to more than 90% even in noisy data typical for mammalian expression system.
Significance: The PIF approach is generalizable to any membrane protein and TIRF microscope.

Elucidating subunit stoichiometry of neurotransmitter recep-
tors is preferably carried out in amammalian expression system
where the rules of native protein assembly are strictly obeyed.
Although successful in Xenopus oocytes, single subunit count-
ing, manually counting photobleaching steps of GFP-tagged
subunits, has been hindered in mammalian cells by high back-
ground fluorescence, poor control of expression, and low GFP
maturation efficiency. Here, we present a fully automated sin-
gle-molecule fluorescence counting method that separates
tagged proteins on the plasmamembrane from background flu-
orescence and contaminant proteins in the cytosol or the endo-
plasmic reticulum and determines the protein stoichiometry.
Lower GFP maturation rates observed in cells cultured at 37 °C
were partly offset using a monomeric version of superfolder
GFP. We were able to correctly identify the stoichiometry of
GluK2 and �1 glycine receptors. Our approach permits the elu-
cidationof stoichiometry for awide variety of plasmamembrane
proteins in mammalian cells with any commercially available
TIRF microscope.

The vast majority of membrane-bound proteins are
expressed as oligomeric complexes in either homo- or hetero-
meric forms. Given this complexity, a number of biochemical
and imaging techniques have been employed to elucidate sub-
unit number and stoichiometry. As a first approximation, stoi-
chiometry is often assessed by bulk biochemical methods, such

as blue native PAGE (1). However, for a quantitative estimate,
more recent approaches have turned to spectroscopic tech-
niques such as fluorescence energy transfer (2) or protein x-ray
crystallography (3, 4). Although helpful, methods that infer
subunit stoichiometry from ensemble measurements ulti-
mately assume that copy number is invariant among protein
complexes. To take this issue into account, stoichiometry can
be determined by studying protein complexes at the singlemol-
ecule level either with atomic force microscopy (5) or fluores-
cence spectroscopy (6–11). In particular, the single subunit
counting technique has proven to be a powerful tool (7, 11–18).
For this technique, each subunit is first tagged with a fluores-
cent marker and then viewed by total internal reflection fluo-
rescence (TIRF)6 microscopy that limits background noise in
favor of signals coming from the plasma membrane (19). By
minimizing surface expression levels, fluorescence emitted by
individual protein complexes can be resolved. For each com-
plex, the number of photobleaching steps can then be counted
and, by association, the subunit stoichiometry determined (9,
10). This strategy is particularly appealing when expressing the
protein of interest in the Xenopus laevis oocyte because it per-
mits the use of GFP-tagged subunits as well as providing meas-
urements with a high signal-to-noise ratio (7).
Despite its value, an important caveat of this approach is that

the oocyte’s biochemical machinery does not always assemble
mammalian proteins faithfully. For example, the stoichiometry
of human neuronal nicotinic acetylcholine receptors was found
to be different between Xenopus oocytes and mammalian cells
(20, 21). An added complication is that proteins nascent to the
oocyte can co-assemble with exogenous proteins, as shown for
nicotinic acetylcholine receptors (22) and NMDA-type iono-
tropic glutamate receptors (23). This situation is unlikely to be
limited to a few exceptions because the Xenopus oocyte
expresses a plethora of ion channels and transporters that are
orthologs of mammalian proteins (24–26). Although the ideal
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solution would be to perform subunit counting in mammalian
cells, this approach has its own challenges. First, background
noise is greater in mammalian cells making it more difficult to
discern the desired signal emitted from transfected cells. Sec-
ond, surface protein density ismore difficult to control inmam-
malian cells compared with Xenopus oocytes leading to heter-
ogeneous expression patterns and to occasional co-localization
of proteins. This means that despite the time-consuming
nature of the analysis, practically all proteins expressed on the
cell surface have to be analyzed to prevent biasing the outcome
to a certain subpopulation. Third and finally, post-translational
formation of theGFP chromophore is less efficient at the higher
temperatures needed for mammalian cell cultures (i.e. 37 °C)
(27, 28) placing limits on the accuracy of the counting method.
To respond to these challenges, we developed the necessary

tools to make single subunit counting experiments in mamma-
lian cells possible. Concerns with low chromophore formation
were addressed by constructing a monomeric version of GFP
(29) based on superfolderGFP (30) (msfGFP; see “Experimental
Procedures”). To enable unbiased analysis of all proteins
expressed on the cell membrane, we have developed a fully
automated counting program that is capable of resolving steps
typical of noisy in situ photobleaching experiments. It does so
by separating relevant signals from contaminants, extracting
the bleaching traces also fromhigh background levels, and clas-
sifying these according to number of bleaching steps. The
counting program has been named PIF to reflect the “Progres-
sive Idealization and Filtering” functions of step detection and
to recall the French expression avoir du pif, meaning “to have
intuition” or literally “to have a goodnose for something.”Using
this approach, we have successfully determined the tetrameric
and pentameric stoichiometry of GluK2 kainate and �1-glycine
neurotransmitter receptors, respectively. Given this, we pro-
pose that PIF can be viewed as a universal tool for the auto-
mated analysis of subunit counting data of membrane-bound
proteins expressed in mammalian cells.

EXPERIMENTAL PROCEDURES

Cell Culture and Transfection—HEK293T cells were plated
on poly-D-lysine-coated 35-mm number 1 glass bottom dishes
(MatTek Corp.) at a density of 2.5 � 104 cells/ml in DMEM
(Invitrogen) supplemented with fetal bovine serum (2%; Invit-
rogen). Cells were maintained in a humidified incubator at
37 °C containing 5% CO2. After 25–30 h, cells were transfected
by the calcium phosphate method. Precipitate was allowed to
form for 4 h before cells werewashed twicewith PBS and placed
back into fresh DMEM. Cells were allowed to recover between
16 and 22 h post-transfection before being fixed in EM-grade
4% formaldehyde (Ladd Research) in PBS for 24–36 h at 4 °C.
Plasmid Construction—msfGFP contains a lysine residue at

amino acid position 206 (V206K), known to substantially
reduce fluorophore dimerization (29). The monomeric form of
the superfolder GFP (msfGFP) was inserted into the coding
sequence of the rat ionotropic kainate receptor GluK2 (NM_
019309; pRK5-msfGFP-GluK2) and the human glycine recep-
tor GlyR�1 (NM_000171; pRK5-msfGFP-GlyR�1) utilizing a
large insert mutagenesis protocol (31). For both constructs,
msfGFP was inserted N-terminally between the first and sec-

ond or third and fourth amino acids of the mature GluK2 or
GlyR�1 proteins, respectively. The fusions were generated by
large insert site-directed mutagenesis. Briefly, primers were
designed to incorporate a 20–23-nucleotide overhang into
both the 5� and 3� ends of the msfGFP sequence. These over-
hangs are complementary to regions directly before and after
the desired point of msfGFP insertion in expression plasmids
containing either the GluK2 or GlyR�1 sequence. Primers are
used to generate a megaprimer by PCR, which, after purifica-
tion, is in turn utilized as a primer for large insert site-directed
mutagenesis of the target sequence. All constructswere verified
by sequencing.
Imaging—Fluorescence was measured using an inverted

microscope (Axiovert 200, Zeiss, Jena, Germany). Excitation
was achieved in TIRF configuration using a 60-milliwatt
488-nm laser (PhoXx, Omicron-Laserage, Germany). TIRF
allows a thin excitation height of about 200 nm above the cov-
erslip, thus eliminating a huge proportion of the background
emerging from different cell compartments. Excitation light
(�10.5milliwatts) was defocused to a diameter of�35mm and
was partially cut to a diameter of �7 mm using an iris, thus
allowing a very uniform excitation intensity over the region
observed. The total excitation intensity at the exit of the objec-
tive was about 550 microwatts. Emission was collected with a
63� NA 1.49 objective (Olympus, Richmond Hill, Ontario,
Canada) and filtered by a high efficiency 525/50 nm emission
filter in combination with a Z488 dichroic mirror (Chroma
Technologies, Rockingham, VT). Images were recorded with a
backlit EMCCD camera (iXon� 860BV, Andor Technology,
South Windsor, CT) at a sampling rate of 20 Hz.
Generating Simulated Data—Data featuring variable photo-

bleaching, variations in step size, and blinking were simulated
using a hiddenMarkov model (supplemental Fig. 1A). For sim-
plicity, blinking events following single transition kinetics were
considered. The mean dwell time � in each state was calculated
by the inverse of the sumof rates leaving the state. The duration
t inwhich a statewill be visitedwas calculated using a generated
random number between 0 and 1, exclusively, to which an
exponential decay function with characteristic time � was asso-
ciated. The result was then sampled at a frequency of 20 Hz,
except for the simulations with fast blinking events (� �50),
which were first sampled at 200 Hz before being re-sampled at
20 Hz. After this period in a given state, the next state was
randomly selected based on the rate constants, acting as
weights. This process was repeated until a duration of 100 s was
reached. Poisson noise was finally added to the idealized trace.
Definition of Fluorescent Spots—The fluorescence intensity

of each spot had a contributing region of 3� 3 pixels defined by
the point spread function of the imaging system. The signal �F
was obtained by fitting the initial total fluorescence intensity F
of each spot to a two-dimensional Gaussian profile and sub-
tracting the estimated base line from the total fluorescence. A
spot was detected if the signal to total fluorescence ratio �F/F
overcame a pre-defined cutoff. In addition, an “overlap limit”
ensured that individual spots do not influence each other’s flu-
orescence intensity. The limitwas defined as the distancewhere
the Gaussian profile had reached 20% of its maximum and had
to be free of neighboring spots.
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Trace Filtering—Background fluorescence was removed by
convoluting a Laplacian of Gaussian (LoG) kernel with the
matrix of each selected spot (Fig. 1B). The filtering step effec-
tively applied a bandpass filter similar to a deconvolution algo-
rithm applied to confocal images to increase resolution and
remove blurring (32). The LoG kernel had a standard deviation
corresponding to the mean value obtained from the Gaussian
fit over a set of spots. This filter was especially useful in low SNR
systems because it efficiently removed high background
fluorescence.
Individual traces were further filtered with the Chung-Ken-

nedy (C-K) filter (33). This nonlinear filter has been designed to
reveal transients dominated by noise and has been shown to be
an efficient aid for step detection (33, 34). Briefly, each of the
points comprising a trace was filtered by a weighted average
with the neighboring points directly preceding and following
within a fixed time window. Weighting was evaluated for each
point andwas based on the variance of the trace before and after
that point. The C-K filter improved the SNR by a factor of
�3.0 � 0.5 and did not filter out any bleaching steps. Interest-
ingly, for SNRmore than�2, the filter reduces the overall accu-
racy of step detection (see below) by up to 7%. A C-K filter
should therefore only be used if traces display an SNR below
�2. According to our estimations, C-K filtering should be
applied for experimental traces improving their filtered SNR to
values typically around 4–5 (supplemental Fig. 1B).
Step Detection—The program’s step detection algorithm

identified segments of constant intensity. This was an iterative
process where initially short segments were averaged, and aver-
aged data were exposed to another iteration of the same algo-
rithm. This gradual increase in segment duration ensured that
steps were readily distinguished. The main task of the step
detection algorithm was to separate bleaching steps from noise
or blinking events. This required information on noise and step
amplitudes, both of which were initially unknown. Because a
direct determination of the noise level was prevented by the
stepwise decrease of the base line during bleaching events,
the noise was estimated by evaluating variations of the fluores-
cence fluctuations (NFF). Briefly, NFF was obtained by calculat-
ing the standard deviation of the intensity differences between
adjacent frames (for details see supplemental material). This
value serves as the basis for the calculation of the SNR of the
trace. Because the step amplitudes (the signal) were initially
unknown, the algorithm assumes a very small SNR (�0.25–1)
for the first step detection iteration. Starting from the first
frame, it continuously calculated a “floating” base line as the
average of the intensity data. If the intensity fell below a limit,
� � (SNR�NFF)/� from the calculated average, a step was
detected and the algorithm assumed a new base line. The “sen-
sitivity” �, used to determine the threshold, is an empirical cal-
ibration factor dependent on the SNR of the current trace (sup-
plemental Fig. 1C). For subsequent iterations, the SNR was
calculated using the step amplitudes resulting from the previ-
ous iteration.
In the first iteration of a trace, many more steps will be

detected than actually present. However, the “idealized” trace
obtained in each run will undergo subsequent iterations with a
lower sensitivity �, calculated each round from the newly

obtained idealized trace, so that noise and arbitrary fluctuations
are progressively eliminated until only true bleaching steps
remain (supplemental Fig. 2). This process stops if no further
reduction of steps was observed in successive iterations of the
algorithm. Amore detailed description of the algorithm can be
found in the supplemental material.
Three-step properties were evaluated in the detection algo-

rithm to reduce false detections caused by artifacts created
occasionally when working in mammalian cells. These proper-
ties are theminimal time permitted between steps, themaximal
step amplitude variation, and theminimal step amplitude (sup-
plemental Fig. 3, A–D). Notably, the minimal time between
stepsmust last at least two frames because each individual pho-
tobleaching eventwas likely to occur during any given exposure
interval. The new fluorescence intensity was therefore only reg-
istered in the second frame, whereas the first would assume an
intermediate value. The variation of the step amplitudes was
limited to exclude false steps, whose amplitudes were small in
comparison with those of msfGFP bleaching steps within the
same trace. The msfGFP bleaching steps displayed similar
amplitudes among each other. This criterion proved most
important and ruled out most of the detection artifacts in typ-
ical recordings of HEK293 cells. Limiting the maximal ampli-
tude variation to 60% of the largest step in the trace removed
the artifacts while still tolerating variations due to blinking
events. 60% variation also accepted two fluorophores photo-
bleaching during one frame exposure. Steps that did not fulfill
all three criteria were not counted.
Quality Control—Despite PIF’s accuracy in step detection,

not all artifacts were ruled out. In particular, some traces were
still analyzed that did not display any stepwise behavior (e.g.
from “dirt” particles). This was a problem specific to automated
algorithms. Although a user would by eye ignore these traces at
once, the algorithm will accept them as long as the detected
“steps” do not violate any of the above step detection criteria.
The algorithm has to be instructed specifically which traces to
discard. For this purpose, a set of five evaluation criteria were
built into the software as a final quality control. These rejection
criteria were found to be good indicators for the presence of
contaminants contributing to trace artifacts. They include
threshold values for a �2 goodness-of-fit evaluation (�2 �1.5),
for a minimal SNR, for the step duration, as well as for the step
amplitude. The �2 of the traces also had to be smaller than the
�2 of a counterfit (for details see supplemental material) (35). If
an idealized trace failed to meet the requirements of any of
these criteria, it was omitted from analysis.
Determination of Accuracy—The algorithm’s step detection

accuracy (pacc) was evaluated for each SNR. Evaluation of the
accuracy was achieved by computing the probability of cor-
rectly detecting exactly one step where exactly one step truly
exists. Briefly, for each SNR, a step distribution histogram was
obtained, from which the proportion of each detected step
number was calculated. To correctly determine the accuracy, it
was necessary to consider that simultaneous false step detec-
tions and missed events within the same trace would compen-
sate one another. Such errors could result in “falsely” finding
the correct overall step number present in a given trace. Con-
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sequently, the calculation of the accuracy takes the probability
of missed events and false step detections into account.
Calculation of the Accuracy pacc—If PIF was applied to sim-

ulated photobleaching data containing exactly 11 steps, the
accuracy of pacc could be derived from the resulting observed
step distribution. As a first approximation based on the fre-
quency of identifying 11 steps (P(11)), one could reason that
P(11) �pacc11. However, there are several ways to attain a final
count of 11 steps. For instance, step detection errors could
result in including a step that does not truly exist (false detec-
tion) and/or in missing an existing step (missed event). A false
detection and amissed event occurring in the same trace would
result in an apparently accurate final step count, leading to an
overestimation of pacc. To correct for such situations in the
context of calculating pacc, we defined the theoretical frequency
distribution of detectingN steps forNreal real steps as shown in
Equations 1 and 2,

P�N	 � �
k � 0

floor(N/ 2) Nreal!

(N 	 2k)!�k 
 Nreal
N	!k!
pacc

N 	 2kp0
k 
 Nreal
Np2

k

�if N � Nreal) (Eq. 1)

P�N	 � �
k � N 	 Nreal

floor(N/ 2) Nreal!

(N 	 2k)!�k 
 Nreal
N	!k!
pacc

N 	 2kp0
k 
 Nreal 	 Np2

k

�if N � Nreal	 (Eq. 2)

where p0 and p2 are the probabilities of missing a step and
counting two steps for one real step, respectively. The factor at
the beginning of each term represents all the arrangements of
pacc, p0, and p2, as each event could happen in any order. The
resulting theoretical distribution P(N) was then fitted to the
observed step distribution as a function of pacc, p0, and p2. This
fit was performed by minimizing the difference between our
calculations and the actual distribution (Levenberg-Marquardt
algorithm).
Kinetics of Fluorescent Protein Blinking—Two rate constants

� and � determine the transitions out of and into the nonfluo-
rescent state, respectively. For a constant photobleaching rate
of 
 � 0.1 s
1

, we varied blinking frequency and duration (� �
1, 5, 10, and 50 s
1; � � 0.1 and 1 s
1; see supplemental Fig. 4).
For both � values tested, step detection accuracy decreased
slightly with increasing blinking duration (decreasing �). For
blinking events with long duration (� �5 s
1), the decrease was
significant even at SNR �2. Although for a moderate blinking
rate (� � 0.1 s
1) the detection accuracy always remained
above 90% for SNR �2, for a high blinking rate (� � 1 s
1) the
90% accuracy could only be achieved when � �10 s
1, i.e. if the
events were not too long lived.
The above values for simulated blinking events were chosen

to test the limitations of the algorithm and do not actually rep-
resent the conditions typically observed in experimental fluo-
rescence recordings. To verify the blinking properties under
typical conditions, we obtained experimental traces recorded
from HEK293T cells expressing a monomeric form of “super-
folder GFP” (msfGFP) (30) fused to GluK2 (see below). To
obtain the experimental blinking rates � and �, the traces were

fitted to a hidden Markov model using QuB (36, 37). We chose
traces with particularly prominent blinking events to ensure
precise computation of the blinking rate constants. Analysis
resulted in two different phenotypic populations; the first pop-
ulation was typified by long low frequency blinking events with
mean values for ��� and ��� of 1.27� 1.05 and 0.013� 0.07 s
1,
respectively (n � 7). By contrast, the second population repre-
sented by the majority of traces exhibited a greater number of
shorter blinking events withmean values for ��� and ��� of 12�
14 and 0.12 � 0.11 s
1, respectively (n � 12).
Software—PIF was entirely programmed and run usingMat-

lab (Mathworks, Nattick, MA). A compiled version of PIF will
be made available upon request.

RESULTS

Identification of Relevant Spots—When performing single
molecule fluorescence inmammalian cells, amultitude of spots
varying in intensity and distribution are found (Fig. 1A). Man-
ually selecting a number of these spots introduces a user bias
such that a certain subpopulation (the “good-looking” ones) of
proteins is favored at the expense of another. This is particu-
larly pertinent when considering neuronal cells that invariably
have a heterogeneous receptor expression pattern. It is there-
fore imperative to first detect all spots in the region of interest
and then to separate relevant spots, originating from the tagged
protein located on the plasma membrane, from contaminant
spots by objective criteria independent of the respective user.
To process the large number of spots found on a single mam-
malian cell, each relevant fluorescent spot had to be detected
and analyzed in an automated fashion (Fig. 1, A–D).
In our automated analysis, spot identification was limited to

a user-defined region of interest delineating the borders of a cell
expressing the fluorescently tagged protein (Fig. 1A). To resolve
single spots, background intensity originating from within the
cells was suppressed by utilizing TIRFmicroscopy, which limits
excitation to the areas close to the plasma membrane (38).
However, TIRF configuration did not prevent excitation of any
contaminant spots located close to the plasma membrane or
within the penetration depth of the evanescent wave into the
cytosol (�0.2 �m). Both factors gave rise to contaminant spots
that were difficult to distinguish from relevant spots corre-
sponding to individual protein complexes (Fig. 2A).
Common contaminant sources included macromolecules

present at the surface of the glass coverslip as well as endoge-
nous proteins of the cell. For instance, flavins are abundantly
expressed in the cytosol and are known to have spectral prop-
erties similar to GFP, albeit with much lower extinction coeffi-
cient and quantum yield (39, 40). Thus, they fluoresce with
significantly lower intensity than proteins tagged with a fluo-
rescent protein variant. Similarly, proteins located at a distance
of more than 200 nm from the plasmamembrane in the cytosol
fluoresce with very low intensities when using TIRF excitation.
This allowed us to rule outmany contaminant spots by defining
a threshold for the fluorescence intensity of the spots (supple-
mental Fig. 1D).
Other contaminants that exhibited fluorescence intensity

comparable with our proteins of interest were not so easily dis-
tinguished. These were contaminants positioned so close to the
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membrane that their fluorescence intensity was not reduced by
TIRF excitation. Some contaminants were also observed in the
absence of tagged proteins and thus attached to the coverslip
surface (Fig. 2A, orange). Also, tagged proteins retained in the
ER were still detected in mammalian cells (Fig. 2A, violet). In
oocytes, the ER is positioned at a distance of more than 1 �m
from the plasmamembrane (41) and is optically shielded by the
strong pigmentation just below the membrane. In contrast, in
mammalian cells, the ER came so close to the plasma mem-
brane that proteins therein were still excited in TIRF configu-
ration.We tested this by transfectingHEK293 cells with aKain-
ate receptor that was retained in the ER (GluK5 fused to
msfGFP). Even under TIRF excitation, proteins in the ER were
still clearly detectable with intensities not significantly lower
than proteins expressed at the plasma membrane. These spots
had to be excluded because they might have been retained in
the ER exactly because they did not exhibit the correct subunit
composition.
We found that both types of contaminants, spots on the cov-

erslip and tagged proteins in the ER, were (despite their com-
parable fluorescence intensity) distinguishable from relevant
spots in their photobleaching decay times. On clean coverslips
devoid of cells, a fast fluorescence decay was observed and
could accordingly be attributed to background arising from
impurities (Fig. 2A, orange). When expressing the trafficking
deficient mutant GluK5-msfGFP, we found a very slow decay.
The longer distance for proteins in the ER, and thus lower TIRF
excitation, leads to lower excitation intensities and, by associa-
tion, slow bleaching time constants (Fig. 2A, violet). The
remaining medium component was the relevant component
associated with the photobleaching of the msfGFP fluoro-
phores (Fig. 2A, green).
To remove fluorescence from the undesired fast and slow

components, we applied a LoG filter (Fig. 1B), which is known

from deconvolution of confocal images to increase resolution
and remove blurring (see “Experimental Procedures”) (32).
Prior to filtering, the contaminant fast and slow components
each accounted for 15–20% of the overall fluorescence leaving
60–70% attributed to the relevantmsfGFP fluorescence. Filter-
ing completely removed the fast background component and
substantially attenuated the slow contaminant component,
resulting in 90% fluorescence from the proteins of interest (Fig.
2A). At this time, we separated the complete ensemble of spots
originating from tagged proteins on the plasma membrane
from any contaminants. The associated fluorescence traces
were finally filtered to increase their signal-to-noise ratio
(Chung-Kennedy filter; Fig. 1B) before entering the step detec-
tion phase.
StepDetectionAlgorithmPIF—In the second phase, the auto-

mated step detection algorithm was applied to every fluores-
cent trace from relevant spots identified above (Fig. 1C; see
“Experimental Procedures” and supplemental material for a
detailed description of the algorithm). Other step detection
algorithms, designed to work at the high noise levels that were
typically observed in mammalian cells, detected deviations
larger than the noise level and compared themwith the “signal”
amplitude. In the case of photobleaching, this strategy was not
practical as both the signal-to-noise ratio and the expected
intensity levels (or even their number) could not be determined
ad hoc but were irreversibly intertwined with the number of
steps that we wished to measure. In the PIF algorithm, this
problem was solved by considering the variations of intensity
rather than the noise (supplemental material) and by using a
slow iterative process to detect the steps. We found that direct
detection was more likely to miss a step or not to filter out
artifacts. PIF, in contrast, was initially overly sensitive and
detected any “ripple,” but with each iteration and decreasing
sensitivity, these were smoothed out until only the real steps

FIGURE 1. PIF automated analysis. A, spots of interest are automatically selected from a user-defined region that encloses the cell (region of interest (ROI)). The
fluorescence intensities of three spots are shown as examples. B, individual spots are processed through a background removal LoG-type kernel with a
standard deviation set to 0.76 pixels. The resulting trace is filtered with the so-called C-K algorithm using a fixed time window of three frames (150 ms). C, PIF
next applies its step detection algorithm to build an idealization of these traces, from which the steps are counted. D, ultimately, a quality control based on five
criteria determines whether the final result should be included or not in the counting analysis.
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were crystallized out. Steps in the idealized traces were finally
analyzed according to a number of objective criteria to rule out
any artifacts (see “Quality Control” under “Experimental Pro-
cedures” and Fig. 1D). PIF recognized each step in data typical

for experimental conditions with an accuracy ofmore than 90%
(Fig. 2B and see below).
Testing StepDetection by PIF in Simulations—We tested how

well the PIF algorithm finds the correct photobleaching steps
from noisy traces in simulated data. We simulated traces tra-
versing 11 equidistant steps following a hidden Markov model
with signal-to-noise ratios (SNR) between 0.33 and 5.75 (see
under “Experimental Procedures”). We determined the accu-
racy of step fitting to be higher than 90% for SNRs over �2
without filtering (Fig. 2C, black trace). The accuracy was signif-
icantly improved by C-K filtering at low SNRs, and 90% accu-
racy was achieved for SNR �1.2 (Fig. 2C, red trace).

Because fluorophores exhibit variable intensities (42), the
amplitudes of photobleaching steps were not necessarily iden-
tical but exhibited variations to some degree. Amplitudes vary
typically by 33% under experimental conditions. We allowed
the step amplitudes to vary in simulated data by 33 and 75%
representing a typical and extreme value, respectively. In both
cases, step detection accuracy was not substantially altered and
remained above 90% (Fig. 2B).
Most subunit counting experiments were performed using

fusion constructs with fluorescent proteins such as GFP and its
derivatives. These fusion constructs evade any problems of
unspecific labeling or accessibility, as expected for labelingwith
organic fluorophores (15, 43) or antibodies (11), respectively.
However, GFP and its derivatives have been shown to exhibit
recurrent short dark periods in their emission known as blink-
ing (44, 45). The onset of each dark periodwas comparable with
a photobleaching step but differed in that it recovered to the
original intensity.We tested the effect of blinking on step detec-
tion accuracy of PIF in simulated traces containing four steps of
equal amplitude (Fig. 2B). The kinetics of blinking were
obtained from TIRF recordings with an iGluK2 fusion con-
struct with the monomeric version of superfolder GFP (msf-
GFP, see below) expressed in HEK293 cells (see “Experimental
Procedures”). Both sets of kinetic parameters foundwere tested
in simulations, and neither had a significant effect on the accu-
racy of step detection of the PIF algorithm (Fig. 2B). Combining
values of both the variations in step amplitude and the blinking
rates typical for photobleaching data obtained from mamma-
lian cells, the PIF step detection accuracy was still found to be
over 90% (Fig. 2B).
We finally tested how well PIF determines the correct stoi-

chiometry for different oligomers. We simulated photobleach-
ing data with experimental parameters of different stoichiom-
etries, i.e. 500 traces each for monomers and dimers up to
hexamers, and we let PIF analyze these data in an automated
fashion. On average, each step was found with an accuracy of
over 90%, and the maxima of the distributions were exactly at
the correct value (Fig. 2D). These simulations confirmed the
capability of PIF to determine the correct stoichiometry of a
multimeric protein under experimental conditions.
Fluorescent Subunit Counting in Mammalian Cells—Fluo-

rescent subunit counting data were collected from fixed
HEK293T cells transiently transfected with a fluorescently
tagged ligand-gated ionotropic glutamate receptor GluK2.
HEK293T cells as a recombinant expression system are typi-
cally used for expression of membrane proteins and offer par-

FIGURE 2. A, scheme of a HEK cell under TIRF illumination. GFP-labeled pro-
teins located in plasma membrane and the ER can be excited. Other excited
contaminant molecules are located directly on the coverslip. The global fluo-
rescence decay of each of the three regions is shown before and after back-
ground removal. B, accuracy of the step detection algorithm was evaluated
from simulations of various photobleaching step conditions. These include
the simulation of traces mimicking the experimental conditions, which were
C-K filtered because of the initially low SNR observed in msfGFP-based exper-
iments. Each set of simulations includes about 500 individual photobleaching
traces. C, accuracy is calculated for each SNR from simulation of traces exhib-
iting equidistant photobleaching steps in the absence of blinking events. The
relationship between the accuracy and SNR is illustrated both before (black
squares) and after C-K filtering (red triangles). D, typical experimental condi-
tions were used to simulate traces containing 1– 6 steps with a final SNR of �4
after C-K filtering. The maxima of the detected step number distribution are
plotted against the actual number of steps present in the trace. The error was
evaluated using full-width at half-maximum.
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ticular advantages with respect to the neuronal ion channels
analyzed in this study. Unlike X. laevis oocytes (26), HEK293T
cells do not endogenously express kainate receptors. Further-
more, despite their origin as kidney cells, HEK293T cells share
a commonmRNA transcription profile with neurons (47). This
final point gives confidence that the ion channels such as
GluK2, which are natively expressed almost exclusively in neu-
rons, keep their inherent stoichiometry when expressed either
in homo- or in heteromeric form.
N-terminal to GluK2 a msfGFP was fused, and cells were

imaged using TIRF microscopy. Under these conditions, cells
exhibiting low msfGFP-GluK2 expression levels showed single
molecule fluorescence clearly visible above background fluo-
rescence levels (Fig. 1A). If expression density or background
fluorescence was substantial, cells were automatically removed
from analysis because too many traces were rejected by PIF.
Typically, 50� 8% of traces were excluded from counting anal-
ysis by the program; however, recordings resulting inmore than
70% trace rejection were not considered for analysis, as such
recordings indicated inappropriate cell selection. For all other
cells, PIF automatically analyzed the recordings and accumu-
lated the step number histogram (Fig. 3A).
Finally, the step number histogram that we obtained from

the automated analysis remained to be interpreted. If all GFP
molecules were fluorescent, the step number would match the
number of subunits per protein assembly. Unfortunately, how-
ever, each fluorescent protein has only a certain probability
(pm) of being fluorescent as defined by the ability of the chro-
mophore to fold and mature correctly (7, 48). As all identical
fluorophores have an equal probability of fluorescing (pm), the
resulting step number histogram has to follow a binomial dis-
tribution dependent on this maturation probability. Previous
reports counting enhancedGFP fusion proteins expressed inX.
laevis oocytes matured at �18 °C have estimated pm values
between 75 and 80%. Such maturation rates were not achieved
at the 37 °C required for mammalian cell culture. To optimize
maturation rates as much as possible, we constructed a mono-
meric version of the superfolder GFP msfGFP (29, 30). The
monomeric version of GFP prevented protein-protein interac-
tions between GFPs, which might influence stoichiometry.

Consistent with the known homotetrameric assembly of
GluK2-msfGFP, the step histogram generated automatically by
PIF was best fit by a binomial distribution of 4th order (Fig. 3A,
blue trace). Interestingly, a fraction of spots exhibited between
five and eight steps, which were not considered for the fit. They
strongly suggested some cases where two receptors occupied a
single spot. Whether this is a result of inadequate system reso-
lution or is biologically relevant remains currently unknown.
To account for the fraction of spots with two receptors, the
binomial distribution was adjusted to consider both possibili-
ties (supplemental material), which significantly improved the
fit (Fig. 3A, red trace), and we were able to estimate that �23%
of the spots contained two receptors.
The maturation probability of GFP only depends on the

expression system and the temperature during maturation and
not on the protein to which it is fused (30). This value has to be
determined once for a given expression systemwith a protein of
known subunit composition (here 53%) and will remain con-
stant for any further protein. The distribution will then only
depend on the order of the binomial given by the number of
subunits. To confirm the universal validity of the pm, PIF was
applied to another ion channel of known stoichiometry. The
above experiments defined pm � 0.53 for our expression sys-
tem.We now expressed anmsfGFP-tagged �1 glycine receptor
(GlyR�1) and automatically analyzed the subunit counting
data. As before, the best fit was obtained assuming two recep-
tors could occupy a single resolvable spot, evident in the detec-
tion of several traces containing six to nine photobleaching
steps. Similar to GluK2, �84% of spots were estimated to con-
tain individual GlyR�1 receptors. The step number histogram
was fit with double-binomial distributions of 5th (pentamers)
as well as 6th order (hexamers; Fig. 3B). However, only the
pentameric stoichiometry reported a pm of 53%, a value identi-
cal to that obtained in GluK2 experiments, whereas the hexa-
meric stoichiometry required a pm � 46%. A hexameric distri-
bution with a pm � 53% was clearly not able to follow the
obtained distribution (Fig. 3B). By calibrating the systemwith a
defined maturation rate pm, we can thus determine unambigu-
ously the stoichiometry of a membrane protein despite the low
maturation rate of fluorescent proteins in mammalian cells.

FIGURE 3. A and B, PIF automated analysis over GluK2 and GlyR�1. A, final step distribution of msfGFP-GluK2 (bars) is fitted to a binomial distribution of 4th order
(tetramer) either for purely single-channel spots (blue circles) or allowing the possibility of two channels on the same spot (red squares). The resulting
probabilities to detect fluorescence from a fluorescent protein were pm � 57 and 53% for purely single and combined single and double occupancies,
respectively. For the latter, the fraction of single occupancy was 77%. B, final step distribution of msfGFP-GlyR�1 was fitted to a 5th order binomial distribution
(pentamer) and revealed an identical pm � 0.53 as well as a similar single occupancy (84%) to msfGFP-GluK2. The distribution was also fitted to a 6th order
binomial distribution (hexamer) with pm set to 0.53.
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DISCUSSION

In this study, we provide a complete framework to study the
stoichiometry of any membrane protein in a mammalian
expression system using single subunit counting. First, we have
developed a fully automated subunit counting algorithm, PIF,
that greatly minimizes user bias in discerning photobleaching
steps frombackground noise. The automation of step detection
has the added advantage of permitting the analysis of large data-
sets over a short time period, thus minimizing the risk of ana-
lyzing only part of a heterogeneous population. Second, PIF is
able to reliably extract the relevant signal from records with
relatively low signal-to-noise ratio enabling us to routinely
study the stoichiometry of a wide variety ofmembrane proteins
expressed inmammalian cells. This feature resolves the emerg-
ing concern of performing similar experiments in X. laevis
oocytes where mammalian protein assembly is sometimes
problematic. Finally, we introduced in the analysis the use of a
fixed maturation rate specific to each expression system and
double-binomial distributions in response to low GFP matura-
tion rate and co-localization of single photobleaching spots,
respectively. Interestingly, co-localization was not reported in
prior work where themanual counting of photobleaching steps
was performed on Xenopus oocytes. Whether this finding is
unique to mammalian cells or has been neglected given the
nature of the manual method will require further study.
Comparison with Previous Studies—Other step detection

algorithms perform well for numerous applications (34). To
evaluate how these other step detection algorithms performed
for subunit counting compared with PIF, we applied the STEP-
FINDER algorithm (35) to simulated traces exhibiting variable
SNRs in the absence of blinking. STEPFINDER is a �2-based
algorithmoriginally developed to analyze the stepwise behavior
ofmolecularmotor displacements andwas recently applied as a
tool to analyze fluorescent subunit counting data (49). Despite
the proficiency of STEPFINDER as a tool for determining
molecular motor displacements, the computed accuracy of PIF
was significantly higher than STEPFINDER, particularly at low
SNR (
 4; supplemental Fig. 1E). Like STEPFINDER, PIF could
also be applied in the context of molecular motor displace-
ments or similar experiments, especially because blinking
would not be an issue. Similarly, PIF could also analyze data
derived from oocytes or even purified proteins (7, 14, 15, 18).
Some previous studies deduced the number of subunits from

the fluorescence intensity distribution of the individual spots
rather than counting the number of photobleaching steps as in
this study (8, 16, 17, 50). Evaluation of the fluorescence inten-
sities depends on relatively constant quantal intensity. Our data
indicate, however, that a mean variation of 35% is typically
observed in mammalian cells using fluorescent proteins. These
variations may result from microenvironment changes (e.g.
quencher concentration) (14, 51), dipole orientation (42), and
uneven excitation intensity over the field of view.
Challenges for FutureWork onMammalian Cells—Although

the ideal situation would be to study membrane-bound mam-
malian proteins in their native environment, this is difficult for
a number of reasons. For example, the study of neurotransmit-
ter receptors, as performed here, would bemost relevant if per-

formed in cultured neurons or acutely isolated explant tissue
where the normal clustering and assembly of neurotransmitter
receptors are regulated by a variety of intrinsic and extrinsic
factors (46, 52). The successful execution of subunit counting
using PIF would prove difficult under these conditions due to
high protein densities that would make single-protein resolu-
tion unlikely. Given that PIF remains highly accurate over a
wide range of SNRs, automated subunit counting analysis uti-
lizing neurons may be possible, for example at extrasynaptic
sites, provided receptor density is sufficiently low. An added
complication, however, would be the formation of protein
complexes between endogenous and recombinant protein sub-
units that would interfere with estimates of stoichiometry. This
problem can only be overcome either by silencing the endoge-
nous expression or by directly analyzing the endogenous pro-
teins with PIF fluorescently tagging themwith specific antibod-
ies or toxins (11). In view of these difficulties, HEK293T cells
were selected as the expression system in this study. Despite the
challenge of background fluorescence resulting in lowSNR, this
cell line is used routinely in many laboratories. Most impor-
tantly, it shares a surprisingly similar mRNA expression profile
with neurons (47)making it the cell of choice for subunit count-
ing of neurotransmitter receptors.
A more tenable issue that may be resolved in the near future

is to maximize the post-translational formation of the chro-
mophore of GFP. In this study, we constructed a monomeric
formof superfolderGFP (msfGFP) fused to the protein of inter-
est because GFP dimerization would likely influence protein
assembly (29, 30). Compared with other GFP variants, the
superfolder GFP has the advantages of superior folding effi-
ciency and chromophore maturation properties at 37 °C (30).
In addition, it is also brighter, thus increasing SNR in single
molecule studies. Despite the enhanced folding and matura-
tion, the reported pm values in Xenopus oocytes (75–80%) (7)
are significantly greater than the values we obtained expressing
msfGFP (53%) in mammalian cells. This is a critical factor to
resolve in future work because maximizing pm optimizes the
confidence in the binomial fit of the photobleaching step distri-
bution. Why maturation rates are lower in mammalian cells is
still not clear, although it is likely related to the higher temper-
ature needed for mammalian cell culture, which in turn affects
the temperature-sensitive folding of GFP (27). Working at
decreased temperature would only solve the problem to a lim-
ited extent as not only folding of GFP but possibly also folding,
assembly, and trafficking of the protein of interest would be
affected. As we learn more about the structure of GFP and its
variants, it may be possible to make mutations that allow the
formation of the chromophore to be optimized at 37 °C (27, 28).
Conclusion—The last 2 decades has seen unprecedented

advances in our understanding of a plethora of membrane-
bound protein families in mammals, from their initial molecu-
lar identification by cloning to elucidation of their function
with genetically modified animals. Despite these advances,
many basic properties of these proteins, such as subunit stoi-
chiometry, remain poorly understood.Here,we have developed
a reliable subunit counting method specifically for the study of
proteins expressed in mammalian cells. The universality of this
technique makes it possible to re-visit the widely anticipated
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role of subunit composition in fine-tuning the response of indi-
vidual cells and tissues to their external environment.

Acknowledgment—We thank Elise Faure for stimulating discussions
and comments on the manuscript. GÉPROM is a research group
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