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Counting biomolecules with Bayesian inference
A combination of Bayesian inference, physics modeling, and Markov chain Monte Carlo sampling allows for 
accurate inference of biomolecule numbers and their photophysical state in cellular clusters.

Jean-Baptiste Masson

Biomolecular clusters are hotspots 
of cellular activity and signal 
transduction. Increased proximity 

of biomolecules within clusters leads 
to improved signal-to-noise ratio for 
molecular sensing1, increased biochemical 
reaction rates2, and localization of signal 
transmission by biophysical engineering of 
the environment3. These clusters can host 
a few dozen to a few hundred (or more) 
biomolecules. Because the biological activity 
of these clusters critically depends on the 
number of clustered biomolecules, counting 
them becomes essential for providing the 
required conditions for biological signal 
transduction. Nevertheless, this counting 
process is far from trivial. Biomolecules 
inside these dense domains are labeled with 
efficient fluorescent probes and sampled 
below the diffraction limit using advanced 
microscopy techniques. Experimental 
noise, heterogeneous photophysical 
activities of the probes, and challenges in 
isolating individual molecule signals can 
substantially impact the counting process 
of clustered biomolecules. Thus, beyond 
the experimental constraints, statistical 
analysis of the recorded signals is one of the 
promising methods to extract reliable values 
for the numbers of biomolecules in clusters. 
Writing in Nature Computational Science,  
J. Shepard Bryan IV and colleagues propose 
a new Bayesian inference4 scheme that 
allows counting individual biomolecules 
within clusters and simultaneously inferring 
their photophysical properties.

The authors focus on the task of 
counting biomolecules from microscopy 
recordings where all labeled molecules led 
to a fluorescent bright spot. Each individual 
biomolecule’s signal cannot be isolated, as 
the distance between neighbors is inferior 
to the diffraction limit of the microscope 
and multiple fluorophores in the same 
cluster might emit photons at the same 
time. The total fluorescence of the spot is 
a decreasing one-dimensional time series 
that goes to zero once all fluorophores have 
bleached. The information about labeled 
molecules is stored in both the initial 
amplitude and the dynamical evolution 

of the signal. However, the analysis of the 
signal to count biomolecules suffers from 
ambiguities due to the background noise 
and the multiple combinations of possible 
states for a single level or jump in the 
brightness of the signal (Fig. 1a).

Finding the number of fluorophores 
requires solving an inverse problem with 
a noisy fluorescent signal that contains 
information about the stochastic state-
changing processes of fluorophores. The 
photodynamics of the fluorophore can be 
modeled as a three-state process: (i) an 
active state where photons are emitted; 
(ii) a dark state that models a transient 
time when no photons are emitted; and 
(iii) a bleached state where no photons 
will be emitted anymore. Experimental 
noise mostly consists of the background 
fluorescence, stemming from the natural 
autofluorescence of the biological 
environment, and camera pixel noise 
due to the limited intensity of the cluster 
spot. Thus, both the photodynamics of 
the fluorophore and the experimental 
noise can be modeled and a probabilistic 
model can be associated with the data. 
This capacity to build the likelihood of the 
data, that is, associate a probability value 
to the data if the parameters of the model 
were known, points towards Bayesian 
inference5 (Fig. 1b) as a method to find 
the number of fluorophores. Bayesian 
inference is a probabilistic method to solve 
inverse problems when the generative 
process of the data can be modeled. In 
Bayesian inference, we seek the posterior 
distribution of parameters (and possibly 
the evidence) of the data as the product 
of a likelihood and a prior. The likelihood 
encodes the probability of data knowing 
the parameters and the generative model. 
Including the photophysical activity 
as a component of the likelihood will 
provide constraints, when performing the 
inference, on the possible transitions that 
may have happened to get the recorded 
signal. The prior encodes information and 
constraints on the parameters. The last step 
of the Bayesian analysis is the sampling 
of the posterior distribution to extract 

the most likely parameter values or their 
marginalized distribution.

At a given point in the evolution of 
the fluorescent signal, the number of 
fluorophores is unknown, and the inverse 
problem can therefore be considered high-
dimensional, with variables associated with 
each point on the curve. The inference 
was addressed using the Bayesian non-
parametric framework6, which refers to 
Bayesian models associated with large 
parameter spaces (possibly infinite), and to 
significant changes in the parameter space 
while data is being analyzed. In the study, 
the authors used the Beta–Bernoulli7 (BB) 
process to provide a probabilistic weight 
that a fluorophore contributes to the total 
signal of the cluster. It consists of having a 
Bernoulli process generating the Boolean 
variable, while the prior of its parameter 
(the probability of the Bernoulli process) 
follows a Beta distribution (its conjugate 
prior8). The BB process was motivated 
by forcing a very high upper limit on the 
possible number of fluorophores, and 
recasting the problem of searching a high-
dimensional variable space to a simpler 
task of finding how many fluorophores 
were active (the binary variable) at any 
one time. The Beta distribution is a 
convenient prior as it allows for closed-
form calculus and a wide variety of shapes 
for the distribution of the probability of 
the Bernoulli process. The last step of the 
analysis was the sampling procedure.  
As the posterior distribution of the 
parameters is not tractable, sampling  
was performed using Markov chain 
Monte Carlo8 (MCMC). Specifically, 
a Gibbs sampling procedure, which 
involves generating new values of small 
subsets of parameters from their posterior 
distribution conditioned by all the other 
parameters of the problem, was designed  
to generate probable sequences of 
fluorophore numbers and states.

The ability to fully model experimental 
signals allows ambiguities in the evolution of 
the fluorescence to be addressed. As shown 
in Fig. 1a, a single fluorescence time series 
could be explained by different numbers 
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of biomolecules with various transition 
probabilities between the three states. The 
larger the number of biomolecules the 
higher the ambiguities in the signal. The 
interplay between the modeling constraints, 
which provide the probability of a transition 
to be likely, and the stochasticity of the 
sampling allows an exploration of possible 

sequences of fluorophore numbers and 
states that may have generated the signal. 
Furthermore, the list of sequences explored 
can then be exploited to assemble their 
probability by simply counting the number 
of times they were generated. Furthermore, 
the posterior distribution allows the 
investigation of possible complex relations 

between photophysical parameters and their 
fluorophore numbers.

The approach introduced by the 
authors will enable the assessment of the 
diversity of the number of biomolecules 
in clusters within and between cells, thus 
providing new insights into the constraints 
that govern the clustering process and 
the limits in number to ensure its proper 
biological function. Although the authors 
have demonstrated their application to 
static clusters, this method can potentially 
be extended to the dynamic assembly/
disassembly of clusters where biomolecules 
can be bound or move within a defined 
domain, for example, receptors in synapses, 
which would allow for a quantitative probe 
of the kinetics of binding/separation.

From a methodological standpoint, one 
of the downsides of Bayesian inference 
compared to other statistical and machine 
learning approaches is its computational 
cost. The entire MCMC sampling must 
be run for each new region of interest, 
and the duration of sampling is not 
known prior to the analysis. In return for 
this additional cost, Bayesian inference 
provides tractability of the results, unlike 
most machine learning schemes, and 
access to uncertainties of parameters, 
allowing proper statistical testing between 
experimental conditions. An interesting 
open challenge regarding this approach 
and associated extensions is the capacity 
to amortize9 the sampling process, to allow 
for rapid analysis while avoiding black-box 
analysis and maintaining efficient bounds 
in uncertainty estimation. ❐
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Fig. 1 | an illustrative example of the Bayesian approach and the model architecture. a, example of 
fluorescence signal time series with no recording noise. each fluorophore has three possible states: 
active (emitting), dark (transiently non-emitting) or photobleached (not emitting anymore). Allowed 
transitions are shown on the top right of the picture. Ambiguities in the transitions are shown as curly 
brackets with the possible number of fluorophores that cause the change in the fluorescence signal. 
The true number and states of the fluorophores at various times are indicated on the ‘states’ row. 
These states are hidden variables. The ‘sampled states’ row shows an example of possible states 
explored during the Gibbs sampling of the posterior distribution. b, Simplified representation of the 
Gibbs sampling procedure designed to infer the number of fluorophore and photodynamic parameters. 
The data, that is, the fluorescence time series of the R regions of interest (rOIs) is shown as a circle. 
The Gibbs sampling is started by the initialization of the numerous parameters: the states of the 
fluorophores, s, among the three possible states, the load, b, which defines if a fluorophore contributes 
to the rOI brightness, the brightness, μ, of the fluorophore and of the background, the transition matrix 
between the three states of the fluorophore, π and the probability of the initial state of the fluorophores 
π0. Here, we removed all indices for the sake of clarity. The red boxes show the variables that have been 
drawn during the step, i, of the sampling. The arrows symbolize the sampling procedure of the various 
conditional probability distributions performed during the Gibbs sampling. The distribution being 
sampled is written above the arrow, with the conditional variables not shown (replaced with the symbol 
‘–‘) for the sake of clarity. The last box represents possible output of the sampling procedure as statistics 
of the number of fluorophores and lifetime of the bright state of the fluorophores.
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