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Abstract

With the growing adoption of single-molecule fluorescence experiments, there is an increasing
demand for efficient statistical methodologies and accurate analysis of the acquired measurements.
Existing analysis frameworks, such as those that use kinetic models, often rely on strong assumptions
on the dynamics of the molecules and fluorophores under study that render them inappropriate for
general purpose step-counting applications, especially when the systems of study exhibit uncharac-
terized dynamics. Here, we propose a novel Bayesian nonparametric framework to analyze single-
molecule fluorescence data that is kinetic model independent. For the evaluation of our methods, we
develop four MCMC samplers, ranging from elemental to highly sophisticated, and demonstrate that
the added complexity is essential for accurate data analysis. We apply our methods to experimental
data obtained from TIRF photobleaching assays of the EphA2 receptor tagged with GFP. In addi-
tion, we validate our approach with synthetic data mimicking realistic conditions and demonstrate its
ability to recover ground truth under high- and low-signal-to-noise data, establishing it as a versatile
tool for fluorescence data analysis.
Keywords: stepcounting, photobleaching, fluorescence microscopy, data analysis, Markov chain
Monte Carlo, statistical learning

1 Introduction
The fundamental functions of living cells are carried out or regulated by proteins that assemble in com-
plexes of different sizes [1–3]. Determining the composition of these complexes is crucial for understand-
ing their biological function [4–6]. In recent decades, several fluorescence-based methodologies have been
developed to determine protein stoichiometry [7–11], with photobleaching step analysis (PBSA) being
one of the most widely used [12, 13]. PBSA relies on the labeling of each molecule of interest with a
fluorophore that, during an experiment, initially fluoresces and subsequently photobleaches and stops
emitting light within seconds to minutes of the onset of the experiment [14]. Photobleaching events are
recorded and used to determine the number of fluorophores within a diffraction-limited fluorescent spot
by counting the number of drops in fluorescence intensity over time [15,16].

The classification of the fluorescence traces obtained from the photobleaching assays is often per-
formed by visual inspection [17–19]. This is time-consuming and, most importantly, subject to human
bias. Moreover, single-molecule fluorescence traces are contaminated with noise from multiple sources:
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Figure 1: Photobleaching data and step analysis. The panel on the left shows an example of raw fluorescence
data obtained from a TIRF microscopy experiment. Lighter pixels correspond to higher fluorescence levels, which
indicate the presence of active fluorophores. For each pixel, we can extract the corresponding fluorescence intensity
over time for a set region of interest (3x3 pixels in this case). The extracted time series is shown in black on the
right panel. Then our novel Bayesian framework can be applied to determine the MAP signal estimator (green
line), provide the total number of steps present, and characterize their time (arrows).

photon shot noise [20,21], camera readout noise [22], and optical drift [23]. This results in a large por-
tion of the traces being excluded from visual classification due to their low signal-to-noise ratio (SNR),
which leads to additional bias and uncertainty.

Characteristically, the analysis of the data we use in this work, which was acquired using a novel
single-molecule pulldown-POP technique (SiMPull-POP) for the TIRF photobleaching assay [19], is
currently limited by reliance on user choices, low SRN, and time constraints, among other challenges
[24–29]. In this assay, proteins of interest with a fluorescent probe or protein are immobilized within a
sample chamber and imaged by total internal reflection fluorescent (TIRF) microscopy. This method
provides single-molecule resolution of individual fluorescent intensities over time that can be used to
visualize distinct photobleaching events. In turn, this information provides insight into the stoichiometry
of protein assemblies, furthering our understanding of how proteins interact and alter cellular behavior.

Several statistical methodologies have been developed to address the challenges and limitations of
time series analysis of single molecule data [16, 30–42]. The work on molecular quantification in pho-
toactivation localization microscopy (PALM) [34] using a stochastic approach adapted from aggregated
Markov methods provides a prototypical methodology for molecular counting problems. However, its
scalability and applicability to very large datasets are limited by the reliance on noise assumptions and
computational complexity. Recently, a more comprehensive Bayesian nonparametric method was devel-
oped implementing specialized Monte Carlo algorithms [35]. This study serves as a reference for deter-
mining both the number of fluorophores and their individual photophysical state trajectories. However, it
does present a computational bottleneck when dealing with high molecular counts. Moreover, similarly
to other Hidden Markov Model (HMM) frameworks for single-molecule time series analysis [36–38,43],
it relies on the assumption that the system in question evolves in a discrete state space and the state-to-
state transitions follow Markovian dynamics. Markovianity of measurements is equivalent to exponential
duel times [44,45]. Unfortunately, this is a critical assumption that can be violated, and for this reason
various HMM methodologies that employ state aggregates have been proposed [46, 47]. In addition,
most often, the transition rates are assumed to be slow compared to the data acquisition rate, set by
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the frame rate and exposure period of the cameras used. A Hidden Markov Jump Process (HMJP)
approach for fast kinetics was developed to address this limitation [39, 40]. However, despite using
weaker assumptions on the data acquisition timescale, HMJP maintains strong kinetic assumptions of
the molecules under study. An alternative approach that relaxes the kinetic assumptions is offered by
model-independent methods that do not rely on motion models. We can only find one such example
in the literature [41] where a generic step detection algorithm is applied and the computations for step
identification are carried out. However, this work is limited by the sensitivity to noise levels and step
sizes, and computations rely on likelihood ratios with a fixed threshold selection requiring manual user
input.

In this study, we develop a new, computationally efficient, model-free Bayesian nonparametric
methodology for the analysis of single-molecule fluorescence data and PBSA. Specifically, we provide
a novel statistical framework for the analysis of raw PBSA data and propose, for its evaluation, four
computational algorithms with increasing complexity. Our first two algorithms are formulated by com-
bining existing Markov Chain Monte Carlo (MCMC) sampling techniques commonly used within the
nonparametric Bayesian framework. The third utilizes a novel sampling strategy that aims to address
the shortcomings of the first two algorithms and increase the efficiency and reliability of the parameter
estimates. Lastly, additional improvements are made through a fourth algorithm, whose performance is
largely independent of the MCMC fine-tuning. We also apply our algorithms to experimental datasets
obtained using a novel SiMPull-POP technique for TIRF photobleaching assays and validate them using
synthetic data with high and low SNR levels. Finally, we compare the quality and efficiency of the four
samplers by assessing their ability to recover the ground truth from synthetic data that mimic realistic
laboratory conditions.

The remainder of our study is structured as follows. In Results, we demonstrate and validate our
algorithms. In Discussion, we describe the general benefits of our sampler and its wider potential for
step counting by photobleaching data analysis. Lastly, in Methods, we present our data analysis and
acquisition methods, with additional details provided in Supporting Materials.

2 Results
We first apply our methods to analyze single-molecule fluorescence data from EphA2-GFP experiments
obtained in TIRF photobleaching assays paired with the recently developed SiMPull-POP technique
[19, 24]. Next, we validate our methods using data from simulated experiments and demonstrate their
ability to accurately recover the ground truth from traces of both high and low signal-to-noise ratios.
Lastly, we compare the performance of our most advanced MCMC sampler with that of the three simpler
ones described in Methods and demonstrate that its complexity is essential for its high performance.

To facilitate visual comparison of our results with the data under analysis, in the following, we display
measurements wn and signals U(t) after rescaling them as described in appendix C. Our rescaling is
essentially a linear transformation that standardizes their units, allowing for a direct scale-free comparison
between them without altering their characteristics.

2.1 Demonstration with laboratory data
To demonstrate the ability of our methods to analyze experimental data and recover the total number
of steps B, the background intensity cbck, the intensities of the steps h1:B

stp , and the times at which the
steps occur t1:B

stp , we apply them on raw fluorescence traces [19]. Initially, we choose example data sets
with a strong step signature so that they can be easily reproduced with synthetic data when validating
the samplers later on. Examples with weaker step signatures are given in the next section, where results
can be compared directly to ground-truth values.
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Figure 2: EphA2-GFP data analysis results for a one-, two-, and three-step traces. Experimental fluorescence
reduced data are shown in black, and the MAP signal obtained from applying our most advanced sampler is shown
in yellow. Arrows identify the estimated photobleaching events.

Following common practices, we configure our sampler with the default hyperparameters and run
it for 10, 000 iterations. From the generated samples, we discard the first 20% due to MCMC burn-
in [48–50]. We then apply the relabeler described in appendix A.1 to ensure the temporal ordering of
the steps. The specific values of the hyperparameters used can be found in appendix D. Similarly to all
Bayesian approaches, the hyperparameters can potentially affect the outcomes. In order to demonstrate
that this is not the situation in our case, we present a comprehensive sensitivity analysis in appendix E.

The results are shown in fig. 2 and fig. 3. Figure 2 shows three characteristic traces with one, two, or
three steps along with their corresponding maximum a posteriori (MAP) estimator of the signal, which
is the signal with the highest probability according to our model. The number of steps identified by the
MAP signal correlates with the stoichiometry of the protein complexes under study [19]. The arrows
highlight photobleaching events.

In fig. 3, we show in more detail the experimental data set for the three-step trace, together with
the estimated stimulus traces and the signal MAP estimator. We also show a summary of the posterior
probability distribution of each variable of interest and the correlation among them. This posterior
propagates uncertainty from the measurements, induced by noise and gaps between time points, and
provides not only the best choices, but also confidence intervals around our estimators [45, 51].

As we see in fig. 3, our methods detect 3 steps (left panel). In addition, our methods characterize
these steps by estimating the intensity h1:3

std and time t1:3
std of each step, and background cbck (right panel).

In particular, the characterization includes estimates of the values and their uncertainly (histograms)
as well as correlation between them (scatter plots). As expected, there is a strong negative correlation
between some of the intensities of consecutive steps, while no correlation can be detected between the
other variables. The observed negative correlation illustrates that our model reproduces a degree of
nonidentifiability between the signal of one step and the signal of the preceding step, which is consistent
with the additive nature of the signals recorded.

2.2 Demonstration with simulated data
2.2.1 Sampler validation

To validate the reliability of our analysis, we apply it to synthetically generated time traces that mirror the
experimental data used in section 2.1. Hence, we prescribe the total number of steps to 3 which recreates
the photobleaching events that take place in the experimental data displayed in fig. 3. In addition, we
set the timing and camera parameters according to the settings used to collect the measurements
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Figure 3: Laboratory data analysis results. On the left panel, we show the experimental fluorescence reduced data
(black) along with the stimuli (cyan) at each measurement time tn for each sampler iteration after the burn-in
period and the MAP signal (yellow) obtained from applying our sampler. On the right panel, we plot histograms
of the sampled t1:3

stp (blue), h1:3
stp (yellow), and cbck (red) after running 10, 000 iterations and discarding the first

2, 000 as well as scatter plots to show the correlation between variables. Thinning was applied to better showcase
the density of the plots.

as described in Methods. Lastly, we prescribe step intensities, times, and background to the MAP
estimators obtained from the analysis of the experimental data; that is, we set the ground truth values
of our variables to closely match the experimental data set. In this way, we achieve high fidelity between
our simulated experiments and those in the laboratory.

The resulting estimates are shown in fig. 4 together with the data, ground truth, and MAP signal
(left panel). The close agreement between the ground truth and MAP signal showcases our methods’
ability to recover the true values for all quantities of interest. A closer look at how the true value of
each individual variable compares with the generated posteriors can also be seen in fig. 4 (right panel).
For all estimated variables, the ground truth is close to the highest posterior probability values and, as
shown in table 1, the bias is minimal across all variables. This quantitatively indicates that our sampler
identifies the ground truth with high accuracy.

To further assess our sampler performance on identifying the correct number of steps along with
the correct step characteristics, we consider additional synthetic data sets with low signal-to-noise ratio
(SNR) mimicking more demanding experimental conditions. We generate these by reducing all step
intensities to 1/5 of those in the previous example, and maintain all other parameters unchanged. Unlike
the higher SNR scenario, which to a certain degree has visually distinguishable steps, the resulting data
have a weak signature that is difficult to distinguish from the background. Thus, it cannot be robustly
analyzed through visual inspection and instead has to rely on statistical analysis.

Applying our method to this dataset produces the results shown in fig. 5. In this figure, we highlight
the estimated times of potential photobleaching events with vertical lines. The density of these lines
reflects the certainty of the corresponding photobleaching time. For instance, the first photobleaching
event (marked by vertical blue lines) has a strong signature, indicating high certainty in its timing. In
contrast, the final step (green lines) has a weaker signature, suggesting greater uncertainty in its timing.
To aid in interpretation, we also show histograms of possible photobleaching event times at the top.
Here, the spread of a histogram represents uncertainty on the timing, while its integration (i.e., the area
under the histogram) indicates the likelihood that the step occurs. Although the estimated stimulus
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Figure 4: High SNR synthetic data analysis results. On the left panel, we show the reduced synthetically generated
fluorescence data (black) and summary results obtained from applying our sampler. Specifically, the stimulus at
each measurement time tn for each sampler iteration after the burn-in period is shown in cyan, the MAP signal
is shown in yellow, and the ground truth signal is shown as a red dash line. On the right panel, we can see a
comparison between sampled values for t1:3

stp, h1:3
stp and cbck and true values (blue lines). A total number of 10, 000

iterations was ran and the first 20% were discarded. Thinning was applied to better showcase the density of the
scatter plots. A quantitative comparison between sampled and predicted values is shown in table 1.

trace shows a higher degree of variation compared to the high SNR scenario, the overall MAP signal still
closely follows the true signal. This result demonstrates our methods’ ability to accurately recover the
ground truth for our target variables, even in cases where the SNR is exceedingly low. A quantitative
comparison between the true and predicted values is shown in table 1, where we see that the difference
between the mean of the sample and the ground truth remains small.

2.2.2 Samplers comparison
Thus far, we demonstrated our method’s ability to characterize raw experimental data. For these we
applied the fourth sampler described in Methods which is the most advanced mathematically. In the
following, we compare the performance of all samplers by applying each to a synthetically generated data
set and evaluating the degree to which the ground truth is recovered. Moreover, we assess their ergodicity

Scenario High SNR Low SNR
Parameter Ground Truth Sample Mean Bias Ground Truth Sample Mean Bias Units

t1
stp 1.69 1.68 −0.01 1.69 1.68 −0.01 s

t2
stp 18.12 18.13 0.01 18.12 18.20 0.08 s

t3
stp 21.90 21.89 −0.01 21.90 22.11 0.21 s

h1
stp 30.30 31.55 1.25 6.06 6.56 0.05 pht/ms

h2
stp 26.70 26.50 −0.20 5.34 4.97 −0.37 pht/ms

h3
stp 16.80 16.70 −0.10 3.36 3.96 0.60 pht/ms

cbck 783.00 782.93 −0.07 783.00 782.96 −0.04 pht/ms

Table 1: Comparison of ground truth values and mean values of generated samples of t1:B
stp , h1:B

stp , and cbck for
both low and high SNR data. Bias is calculated by taking the difference between mean values and ground truth
values.
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Figure 5: Low SNR synthetic data analysis results. The bottom panel illustrates the generated data, ground truth
signal, MAP signal, and stimuli obtained from our analysis. In the top panel, we plot histograms of the sampled
times of the active steps through the experiment run. For clarity, we only plot the first 40 s of the experiment,
which is when all steps occur.

and mixing times. Both are crucial characteristics for reliable data analysis in practical applications.
For consistency, we apply each sampler to the same synthetic data generated in section 2.2.1 that

mimic the data used for the experimental demonstration in section 2.1. The results are shown in fig. 6.
As showcased by the mismatch between the ground truth and MAP signal, sampler 1 fails to correctly
identify the underlying ground truth step locations and intensities. Moreover, both samplers 1 and 2
overestimate the total number of steps, which in turn would lead to incorrect conclusions regarding the
stoichiometry of the molecule under study. Notably, both samplers incorrectly place a step towards the
end of the collecting time window.

The failure of samplers 1 and 2 to properly characterize our model’s posterior is attributed to
the nonidentifiability of some of the model parameters, which, in turn, gives rise to multiple local
maxima in our probability landscape. For example, different combinations of the background cbck and
the step intensities h1:B

stp can lead to similar stimuli, which paired with non-informative priors result in
multiple local maxima in the parameter space. To overcome this challenge, a sampler needs to have
good mixing so that it can efficiently explore the entire parameter space without being trapped in the
local maxima [48]. Samplers 1 and 2, by updating only one variable at a time, once they reach a
local maximum, cannot cross regions of low posterior probability to reach a different high-probability
region [48]. Conversely, by making a simultaneous update of multiple parameters, samplers 3 and 4 are
able to efficiently explore the parameter space along multiple axes. In particular, performing a stochastic
update on one variable and a simultaneous deterministic update on another allows us to direct these
samplers towards areas of high probability, as described in more detail in Supplement. Samplers 3
and 4 are not only able to identify the correct number of steps, location of the steps, and intensity, but
also able to quickly reach the correct solution without getting stuck.

To further assess the mixing properties of each sampler and therefore the overall computational time
needed, we obtain the autocorrelation function for the background variable cbck for each sampler, which
we plot in fig. 7. We choose cbck because this is the only parameter in our model not affected by label
switching [45], so our empirical assessment of the autocorrelation function is more robust. The slow
initial decay towards zero along with the overall pattern of the autocorrelation functions of samplers 1 and
2 indicate a significant degree of correlation between samples. However, the autocorrelation functions of
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Figure 6: Samplers comparison with synthetic data. The first four panels display the generated data, stimuli,
MAP and ground truth signal for each sampler. Underneath each one, we plot histograms for their respective
total number of active steps. The top right panel shows histograms for the background samples cbck for each
sampler (s1-s4).

Figure 7: Plots of the autocorrelation function (ACF) of the background parameter cbck sampled from each of
the four samplers. Autocorrelation times are displayed in the top right corner of each plot. The number of lags
used corresponds to the number of samples kept after the burn-in period.

the more advanced samplers present a fast initial decay and settle around zero thereafter, indicating that
there is little to no relationship between the samples. This means that the overall computational time
required to generate a sufficiently large number of samples is significantly lower for samplers 3 and 4,
speeding up the analysis and allowing more traces to be analyzed. We also calculate the autocorrelation
time, which we define as the first lag where the absolute value of the autocorrelation function falls
below 0.1 and therefore indicates how quickly the samples become decorrelated. The autocorrelation
times of samplers 1, 2, 3, and 4 are 2120, 845, 52, and 2 lags, respectively. This highlights sampler’s 4
high efficiency and rapid mixing that renders it the sampler of choice for general applications, especially
those involving high-throughput data analysis.

3 Discussion
Analysis of single-molecule fluorescence traces with an efficient statistical framework is an essential
requirement to determine the biological functions and dynamics of molecular clusters within diffraction-
limited regions [19, 24, 29]. Following a photobleaching experiment, this task reduces to accurately
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and quickly determining the number of steps present in the acquired fluorescence time series. This
allows investigators to deduce the stoichiometry of the molecules under study and gain insight into their
structural and functional functions. The work we present here provides a novel statistical model to
represent fluorescence traces and four different algorithmic procedures to analyze them. Our methods
not only determine the total number of steps, but also provide full posterior distributions for individual
steps and their characteristics. We do so without relying on restrictive assumptions on the dynamics of
the molecules under study, providing instead a kinetics-independent approach that can be extended to
a variety of single-molecule fluorescence experiments.

Our methods were illustrated by applying them to raw data from TIRF microscopy experiments. We
demonstrated our method’s ability to recover the number of steps present and validated our method by
reproducing the experimental settings using synthetically generated data. We showed that our method
is able to accurately recover ground truth in both low- and high-SNR scenarios. Moreover, we evaluated
the quality of our methods by evaluating their mixing properties and found that our sampler is able to
efficiently explore the parameter space, converges rapidly, and has low autocorrelation.

The contribution that this work brings will particularly apply to data sets that are effected by higher
degrees of noise and have a weaker signature, allowing practitioners to tackle experiments that have
been inaccessible before. Data acquired at the single-molecule level, such as the SiMPull-POP data
explored here, are often accompanied by a high background and noise, which can obscure and convolute
the data analysis process. By applying a fully automated statistical approach that is independent
of user’s surjective input, as we have shown here, it can both confirm and compare current data
quantification methods to validate experimental data results. In addition, it will help reduce potential
data quantification bias, reveal photobleaching steps that are difficult to distinguish by visual inspection,
and provide a more detailed characterization of the data at hand.

Although in this study we applied our sampler to a specific experimental data set, the methodology we
propose can be generalized and applied more broadly within the sphere of photobleaching step analysis.
However, despite its novelty and computational efficiency, our method presents certain limitations.
First, it is mathematically demanding, so its adoption is based on existing software. We provide a
prototype implementation (source code and graphical user interface) in Supporting Materials
and in our GitHub repository [52]. Second, our method is sensitive to experimental details related
to data acquisition hardware. Currently, our implementation supports fluorescence data from one-
channel recordings acquired via wide-field microscopes equipped with either EMCCD or CMOS cameras.
Nevertheless, two-color imaging, FRET, or even rapid single-photon recordings can be incorporated, but
only with nontrivial modifications to our detection setup. Obviously, such cases require problem-specific
implementations that will be the focus of future studies.

4 Methods
4.1 Data analysis

We develop a specialized statistical model for data analysis that includes physically faithful signal,
stimulus, and noise representations. The model that we formulate does not use kinetic schemes or other
dynamical representations, so it can be applied in situations where the dynamics probed may or may
not be Markovian. We apply Bayesian principles to provide parameter estimates and provide specialized
computational procedures in order to evaluate the values of our estimators. That is, we develop four
different MCMC samplers with increasing sophistication. For details, see formulations in Supplement.
Specifically, refer to appendices A.1 and A.3 for our model formulation, and appendices A.5 and B for
our computational approaches.
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4.2 Data acquisition
For the demonstrations shown in Results, we used synthetic and real-life data from single-molecule
experiments.

The laboratory data are obtained by the SiMPull-POP TIRF photobleaching assay, as detailed in [19]
of a full-length EphA2 fused to the C-terminal GFP that was stably expressed in mammalian cells DU145
(ATCC® HTB-81).

The synthetic data is obtained by simulating the model of appendix A.1 using standard pseudorandom
operations. For the simulations, we set the timing and camera parameters according to laboratory
settings (see above) and generated measurements of equal size spanning an equivalent period of real
time. We list our specific values in appendix D. For all simulations, we prescribe the values of cbck, B,
h̄1:B

stp , and t̄1:B
stp . The ground truth values are maintained for comparison with MCMC, but otherwise not

used.
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