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Abstract
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Single-molecule tracking allows researchers to observe individual molecules in cells. By
labelling protein and RNA molecules with fluorophores, their movement in the cell can be
followed using a fluorescence microscope. The molecules are detected as individual spots and
their positions over time connected to trajectories. The trajectories are analysed, e.g., by fitting
a hidden Markov model to infer diffusional states and transitions between them. This kind of
analysis is, however, usually limited in resolution power and accuracy, introducing unknown
biases. To evaluate and correct for these biases, analysis of simulated microscopy movies
generated from a known reaction-diffusion model can help. This thesis focuses on the analysis
and visualization of single-molecule tracking data and the fitted models, as well as the use of
simulations to improve model interpretation.

Paper I investigated mRNA translation in live cells by tracking of ribosomal subunits. The
duration of translation events was measured and the results suggested that re-initiation on a
downstream open reading frame on the same mRNA is rare for 30S subunits, while it might be
relatively frequent for 70S ribosomes.

Paper II investigated the signal recognition particle (SRP) system which targets proteins for
insertion into the membrane. The 2D tracking did not allow direct observation of individual
membrane interactions. However, by analysing the spatial distributions it was possible to
estimate the occupancy and dwell time of the membrane association of SRP. To validate the
model, simulated microscopy movies were generated based on a reaction-diffusion model and
analysed the same way as experimental movies. To obtain a plausible ground truth model,
the parameters of the reaction-diffusion model were iteratively adjusted to align the analysed
simulation results with the experimental results.

Paper III explored single-molecule tracking using double helix phase masks that enabled
localization in 3D. Here we investigated membrane association of ribosomes translating inner-
membrane proteins. To evaluate the method, a simulated membrane-cytosol reaction diffusion
model was used. By applying a circular error measurement, individual membrane-ribosome
binding and release events could be detected and quantified. The membrane interaction model
was combined with a diffusional state model to identify the biological states:  50S, cytosolic
70S and membrane 70S.
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Introduction 

Dynamics of the cell 
An Escherichia coli cell contains millions of molecules that interact in 
different ways to sustain cellular function. To understand how the cell 
functions, the interaction network is studied by various means to piece 
together as complete a picture as possible. The methods employed range from 
detailed investigations of individual molecules to large scale measurements. 

Classical genetic methods typically involve observing the phenotypical 
effect of mutating or deleting a single gene, providing insight into the gene 
product’s function. This has been extended to observing the downstream 
effects of gene knockout, where for example protein abundance can be 
measured for an array of proteins or the transcriptome can be sequenced. This 
contributes to understanding how proteins are interacting in various pathways 
but offers limited dynamic information. 

Structure determines function, and observing the structure of a molecule 
can reveal potential interactions and mechanisms of action. Snapshots from 
different parts of the dynamic process can provide insight to how the molecule 
functions. The method is limited to what stable states a molecule can occupy, 
for example structures of highly flexible molecules are challenging to resolve 
and the stable structure could be in a state unlikely in the natural process. To 
resolve the changes during the dynamic process, time-resolved cryogenic 
electron microscopy can be used to sample intermediate structures during a 
reaction (Amann et al., 2023). 

A common approach to study intermolecular reaction pathways is to 
reconstruct the system of interest in vitro. The different components are 
obtained, mostly purified from cells, and combined under controlled 
conditions. By selecting an appropriate indicator, the reaction can be 
monitored and its rates quantified. This method will provide reaction rates but 
the system is only as complete as the components that are added, most 
components present in the cell (whether relevant or not) are absent. As the 
experiment is not performed in a cell, natural constraints, such as those 
imposed by the cell membrane, are not present. Also, in an ensemble 
experiment, as the signal will be the sum of multiple reactions, the specific 
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details can be obscured. In the recent two decades, the development of single-
molecule methods has helped in overcoming this challenge. 

With in vitro studies of purified components, the components can be 
labelled with fluorophores that have overlapping excitation and emission 
spectra. Either labelling two different components or different parts of the 
same component, to enable FRET analysis. When the two labels are in close 
proximity the energy from one fluorophore can be transferred to the other, 
indicating close spatial proximity of the labels. This enables detection of 
interaction of components or, in the case of labels on the same component, 
conformational changes within the molecule (Roy, Hohng and Ha, 2008). 
Hence, with single-molecule FRET, information from structural analyses can 
be combined with dynamics measurements. 

Techniques for studying the dynamics of molecular interactions directly 
inside cells have been scarce. Since reactions in the cell are normally working 
under steady-state conditions, an ensemble measurement of a particular 
molecule will typically not result in any information about the dynamics. A 
few approaches to artificially synchronize reactions exist, for example pulse-
chase experiments or the β-galactosidase assay, both used to measure protein 
synthesis dynamics. However, a general method for studies of reaction and 
binding kinetics inside living cells was not available until quite recent, when 
live-cell single-molecule tracking approaches took off. 

Acquiring single-molecule tracking data 
Since we aim to measure the dynamics of single molecules inside a living cell, 
we must have a way to focus on individual molecules. Here a molecule will 
be labelled by a fluorescent tag to mark its position in the cell with a bright 
spot. By following the movement of the fluorescent signal inside the cell, we 
observe the changes in translational diffusion that occur if the molecule binds 
to other molecules. Thus, from the dynamics of the spot’s diffusion we can 
infer the molecule’s binding dynamics. 

Molecules can be labelled by various methods. For proteins, a common 
approach is to use a fluorescent protein, e.g., green fluorescent protein and its 
derivatives, that is attached via gene fusion. While fluorescent-protein 
labelling is a widely-used method it has some drawbacks, mainly rapid 
photobleaching and low quantum yield. Although fluorescent proteins might 
be good enough for producing images of, e.g., spatial distributions of 
molecules, to extract kinetics information long diffusion trajectories are 
needed. Hence, for single-molecule tracking, fluorescent dyes are often 
preferred since they are more photostable and have higher light intensity. 
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Regardless of the molecule used as the label, it must be attached to the 
molecule of interest. In paper I the molecule of interest were the ribosomal 
subunits that were labelled with two different labelling strategies. The first 
strategy was to make a gene fusion of ribosomal proteins to HaloTag (Los et 
al., 2008), a protein that can covalently bind to a fluorescent dye via a linker. 
Other proteins exist that can covalently bind dyes and can be used similarly to 
HaloTag, this was done in paper III where YidC was labelled with SNAP-
tag (Keppler et al., 2003). 

The second labelling strategy used in paper I was to label the ribosomal 
RNA (rRNA), which cannot be attached to a protein via gene fusion. By 
introducing an MS2 aptamer in the rRNA, this aptamer can then be bound by 
the MS2 bacteriophage coat protein MS2CP (Youngman and Green, 2005). In 
paper I HaloTag was gene-fused to MS2CP to bind the MS2 aptamer inserted 
into the rRNA of the large or the small ribosomal subunit. 

One limitation of fluorescent proteins and HaloTag is their relatively large 
size, which could exceed that of the molecule of interest. Due to its size, a 
fluorescent protein or HaloTag may interfere with the function of the molecule 
of interest. Interference is less likely if the molecule is labelled with a small 
dye. This can be done either outside the cell and the labelled components then 
introduced into the cell by electroporation (Crawford et al., 2013) as was done 
in paper II with 4.5S RNA, or inside the cell by for example click chemistry 
(Devaraj and Finn, 2021). 

Once the molecule of interest is labelled, the cells are observed under a 
fluorescence microscope. By illuminating the sample with lasers at a 
wavelength matching the excitation spectrum of the label, the molecule of 
interest appears as bright fluorescent spots, the movement of which are 
recorded as a time-lapse movie. To minimize fluorophore photobleaching and 
motion-induced blurring during image acquisition, stroboscopic illumination 
is used (Elf, Li and Xie, 2007). 

A spot corresponding to a fluorescent molecule has an approximately 
Gaussian shape, defined by the point spread function (PSF) which allows the 
position in the plane to be detected, but not the depth. However, the PSF can 
be engineered to an alternative shape. A classical example is astigmatism (Kao 
and Verkman, 1994) where the spot becomes elongated along one axis when 
the molecule is above the focal plane and elongated along the orthogonal axis 
when being below it. 

In paper III the PSF was engineered to encode depth information using a 
phase mask fabricated through additive manufacturing (Orange kedem et al., 
2023), transforming the spot into a double helix PSF (DH-PSF). The DH-PSF 
(Pavani et al., 2009) consists of two lobes that rotate when moving away from 
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the focal plane, encoding the depth information in the angle of the two lobes 
(see figure 1). The name double helix comes from that when the PSF is 
visualized in 3D it resembles a double helix. 

 
Figure 1: Fluorescent images of double helix PSF, at three different positions 
relative to the focal plane. 

Processing single-molecule tracking data 
After acquiring a series of time-lapse movies, they need to be processed before 
analysis. Briefly, the workflow involves two main steps: first, detecting 
fluorescent spots in each frame; second, linking the spots across frames into 
trajectories. Each of these steps can be performed independently and various 
methods exist for each task. 

The first main processing step is dot detection, where the centre of each 
spot is determined. The fundamental principle behind super-resolution 
microscopy is that, although structures smaller than the diffraction limit 
cannot be resolved, sub-diffraction localization can still be achieved. By 
ensuring that fluorescent spots originate from single emitters, localization 
below the diffraction limit can be achieved by determining the spot’s centre. 

Since a fluorescent spot can be approximated by a Gaussian shape, the spot 
can be localized by fitting a Gaussian function to the intensity profile. An 
alternative method is to calculate the centre of mass of the spot to determine 
its position. For stationary spots, Gaussian fitting has been shown to have 
lower localization error compared to centre of mass, while for moving spots, 
centre of mass performs better (Deschout, Neyts and Braeckmans, 2012). In 
paper I & II the approach used was instead to perform initial localization of 
spots using a radial symmetry method (Loy and Zelinsky, 2003). The initial 
localization was then refined by calculating the Bayesian posterior density 
(Lindén et al., 2017). 

Dot detection can also be performed using deep-learning methods (Speiser 
et al., 2021) which is trained on simulated images with known positions of the 
spots. One advantage of this method is that challenging images, for example 
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with overlapping sport due to high fluorophore density, can be included in the 
training data. Another advantage is flexibility regarding the shape of the PSF. 
In paper III, a recently developed deep-learning algorithm (Fu et al., 2023; 
Karempudi et al., 2024) was used to detect the double helix PSF. 

The second main step in the processing workflow is connecting the 
detected spots within the same cell (determined by cell segmentation) into 
trajectories. The algorithm that connects the spots need to take various issues 
into account. For example, the number of simultaneously fluorescently active 
molecules increase the chance of connecting the spots in an incorrect way. If 
two fluorescently active molecules are close, part of the trajectory of one 
might be connected to part of the other. To avoid this, the trajectory building 
can be done when the sample has photobleached enough for only one or few 
spots to remain per cell, usually one spot per cell as was done in paper I, II 
& III for the molecule of interest. If the fluorophore blinks or if the dot 
detection fails in one frame this will lead to missing frames. To avoid splitting 
the trajectory into smaller trajectories, gaps of one or more consecutive 
missing frame was allowed. 

The spots can be connected if they fall within a specified search radius. 
This search radius must be tuned to the expected displacement of the labelled 
molecule between frames. If the search radius is too short fast-moving spots 
will not be connected and if it is too long, spots from two different molecules 
might be erroneously connected. In paper I, experiments were performed with 
two different frame rates, so two different search radii were used. In the case 
where the range of possible diffusion rate is large, there will be a trade-off 
between trajectory length and the number of correct trajectories. In paper I, 
II & III the u-track (Jaqaman et al., 2008) algorithm was used to connect the 
spots using the 2D coordinates and allowing gaps of one missing frame. 

Spots are only connected if they are located within the same cell, or some 
specified distance from the cell, so the cell boundaries must be determined. It 
is possible that this leads to a spot outside the cell boundary existing in 
trajectories in different cells. In paper I, II & III this is solved by keeping the 
longest trajectory of the ones sharing the same spot. 

To determine cell boundaries, phase contrast images of the cells were 
segmented. Segmentation in paper I & II was based on adaptive thresholding 
(Ranefall, Sadanandan and Wahlby, 2016), while paper III used a method 
based on U-Net (Ronneberger, Fischer and Brox, 2015). In paper I the 
dynamics primarily involved molecules confined to the cytosol, so the 
segmentation only needs to precise enough to contain the spots in each cell. 
In paper II the dynamic system had a crucial membrane interacting part, 
making the position of the membrane important. Here, we showed that a 
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random offset in x-, y- and z-coordinate to the trajectories was necessary for 
simulations to reproduce the distribution of the membrane protein LacY 
observed in experimental data (see figure 16). The x- and y-offset was needed 
due to the imperfection of segmentation, making intracellular molecules 
sometimes appearing to be outside the cell and membrane molecules 
appearing to be in the cytosol. This is especially relevant in paper III where 
membrane interaction is modelled and an internal membrane standard is added 
to adjust for segmentation imperfections. 

Analysing single-molecule tracking data 
To extract information about the biological system, the acquired trajectories 
must be analysed, where the type of analysis used depends on the research 
question. In paper I, II & III a model of the binding dynamics was used, but 
depending on the objective a model without any dynamics could be sufficient. 
Given that the data consists of positions in the cell, if the question concerns 
spatial localization of the molecule of interest, it might be sufficient to analyse 
the molecule’s distribution in the cell (Sanamrad et al., 2014). 

The classical approach to analysis of diffusion is by mean square 
displacement analysis (MSD) where the mean is taken for all squared step 
length between two frames separated by a time interval. By varying this 
interval, an MSD curve is generated from which a diffusion coefficient can be 
extracted by fitting a line. MSD can also be used to calculate an apparent 
diffusion distribution to which a theoretical distribution can be fitted. By 
fitting a mixture model, multiple diffusion coefficients with occupancies can 
be obtained (Plochowietz et al., 2017). 

Since a trajectory consists of sequential position data, the step length can 
be calculated and fitted to the theoretical step length distribution. Since the 
data might be from a dynamic system it can be fitted to a mixture of two or 
more step length distributions to find the different states involved, with their 
diffusion coefficients and occupancy. 

From these approaches one gets the diffusion coefficients and the 
occupancies of the diffusional states but not the dynamics, that is the 
probability of transitions between states. It is possible to make prediction of 
the state identity of each point in the trajectories based on the probability 
distribution. From the state identities the transition probabilities between 
states can be calculated, as is done for 2-state models of bound and free states 
(Uphoff et al., 2013; Stracy et al., 2015). 

Since the model we assume is diffusion states with transitions between 
them, another approach is to model it with a Markov chain. However, the 
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measured quantity is a step length rather than a state identity. This can be 
solved by modelling the data as a Hidden Markov Model (HMM) where a 
Markov chain has states that emits a signal, a step length for diffusion data. In 
this case each state has an associated diffusion coefficient that is a parameter 
for the emitted signal. The Markov chain is hidden and what is measured is 
the emitted signal from the state that is currently occupied, for our data the 
signal would be a random step. This HMM is used to model the data, giving 
not only diffusion coefficients and occupancies but also transitions between 
states. Different examples of HHM based analysis methods exist, for example 
Ex-Track (Simon, Tinevez and van Teeffelen, 2023) and SAMUG (Karslake 
et al., 2021) in addition the HMM based method employed in paper I, II & 
III. 

Machine learning can also be used to analyse trajectory data, where the 
advantage could be that since it learns from the data it can handle complexity 
that is not explicit in the model. It can train on features calculated from the 
trajectories to make classification of trajectory points (Haidari and Kapanidis, 
2025; Kæstel-Hansen et al., 2025), it can also include features calculated using 
additional information such as cell boundaries (Pambos, Wright and 
Kapanidis, 2025). In the anomalous diffusion (AnDi) challenge (Muñoz-Gil 
et al., 2021) the machine learning approaches performed better, making it a 
possible avenue to explore for improved analysis. For more about analysis 
methods see two recent reviews (Schirripa Spagnolo and Luin, 2024; Simon, 
Weiss and van Teeffelen, 2024). 

The analysis used in paper I, II & III is an HMM base method (Lindén et 
al., 2017), that extends a previous Bayesian approach (Persson et al., 2013) by 
accounting for blur and localization error. But instead of a Bayesian approach 
the parameters are iteratively fitted. In the previous approach the model size 
was a parameter that was fitted, while here the model size has to be specified, 
and model parameters for multiple model sizes are calculated. 

Selecting the correct model size requires biological insight to the system 
and experimental controls. There are analytical methods to select the correct 
model size. One such is the Akaike information criterion (AIC) where the log 
likelihood of the model is amended with a penalty proportional to the number 
of model parameters. This mitigates the overfitting problem of adding 
parameters to a model to make it fit the data better. In paper I the AIC values 
for different model sizes were plotted (see figure 2), indicating that in this case 
larger model size would always lead to an improved model. One underlying 
reason for this is discussed below. 
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Figure 2: The AIC for different model sizes for HMM based analysis of MS2-
HaloTaged ribosome tracking data. Figure reproduced from figure S7 in paper I. 

It is possible to first fit the data to a model of large size and then coarse grain 
it to a model of a smaller size by merging states by defining diffusion 
coefficient thresholds. This is useful to capture the complexity of the system 
while also facilitating biological interpretation. In paper I ribosomal subunits 
were tracked with the intention of finding two main biological states, the free 
subunit state and the translating ribosome state. The translational state will 
biologically consist of a continuum of states, ranging from a single ribosome 
bound to an mRNA to polysomes of multiple ribosomes bound to an mRNA 
(see figure 3a). In addition, the dwell time of a state in a HMM is exponentially 
distributed, while translation is a multistep process where the overall dwell 
time will not be exponentially distributed. In paper I models of up to 11 states 
are coarse grained into 2-state models, separating translating ribosomes from 
free subunits. With increasing original model sizes, an increase in dwell time 
of the coarse-grained 2-state model was observed, with convergence after an 
original model size of five or six states (see figure 3b). In paper II & III, 
larger models were coarse grained into a model of 2 (paper III) or 3 (paper 
II) states.  
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a  

 

b

 
Figure 3: (a) Bubble plot of the models of size 1 state to 11 states for tracking of 
the H98-MS2-HaloTag labelled large ribosomal subunit. The red dashed line 
shows the threshold used for coarse graining, 0.25 µm2/s. Each circle’s area is 
proportional to the occupancy of the state that it represents for the specific model 
size. (b) The 2-state coarse graining dwell times for different model sizes and 
different ribosomal subunit tracking datasets. Figure (a) and (b) reproduced from 
figure 2 and 4b in paper I. 

Simulating single-molecule tracking data 
After analysis of the experimental data the question is how well the model 
reflects the underlying biological system. There are possible biases introduced 
by the algorithm. Because the biological ground truth is unknown, there is 
nothing to validate the result of analysis against. This is where simulations, 
with a known ground truth that the result of analysis can be compared to, can 
prove useful. 

This approach was applied in paper II, where the result from analysis of 
experimental data was compared to the result of analysis of simulated data. 
By fine-tuning the simulation model, the analysis result of the simulation 
could be made to closely match the analysis result of the experimental data. 
This would give a model that could reproduce the experimental data, with the 
hope that the ground truth of the simulation should be close to the unknown 
ground truth of the biological system. Simulations can also indicate potential 
problems with the model. In paper II, we initially tried to interpret a 5-state 
model, including differences between SRP bound to cytoplasmic ribosomes 
vs membrane-bound ribosomes. However, this failed to be reproduced with 
simulations and was therefore replaced with a simpler 3-state model without 
membrane bound ribosome diffusional states. 
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Simulations can also be used to evaluate new analysis methods and 
hardware configurations before conducting any experiments. This is 
particularly useful when considering new hardware as that requires not only a 
financial investment, but also time to set up and integrate with existing 
instrumentation. Simulations with a known ground truth allows assessing 
whether a new analysis method can extract the desired information. In paper 
III, this approach was applied to explore whether analysing tracking data 
obtained using a double helix PSF was feasible, this before acquiring the phase 
mask required for experimental 3D tracking. The possibility to analyse 3D 
tracking data was initially investigated by appending the z coordinate to 
trajectories after 2D tracking of simulated microscopy movies with Gaussian-
like spots. 

When performing simulations, it is important to avoid having too 
unrealistically ideal data. Diffusion is a Brownian process and if the 
trajectories are modelled as idealized position values from a Brownian motion, 
it will lack realistic sources of error. This can lead to an ‘inverse crime’, where 
the same model assumptions are used to generate the data and to analyse the 
data, leading to misleadingly good performance. To mitigate this, the 
simulation process is divided into three steps: first, the model is defined as a 
reaction-diffusion system within a cell geometry; second, trajectories are 
simulated from this model; and third, simulated microscopy movies are 
generated from these trajectories. The movies are then processed the same as 
experimental movies. 

For the simulations used in paper II & III the first two steps were 
performed by the software MesoRD (Fange, Mahmutovic and Elf, 2012). A 
cell geometry was defined with different compartments. In paper II & III two 
compartments where defined, the cytosol as a cylinder with round caps and 
the membrane as a layer around the cytosol defined by a larger cylinder with 
round caps excluding the cytosol volume. In the simulation the compartment 
space is discretised into equally sized cubic subvolumes. To avoid 
discontinuities in the membrane compartment it needed to be sufficiently 
thick. Thinner membrane compartments can be achieved by decreasing the 
subvolume size, for this reason the thickness of the membrane compartment 
is thinner in paper III compared to paper II. Decrease in subvolumes size 
gives better cell geometry but increase the requirement on computational 
resources. 

The reaction-diffusion model is defined by a set of species (i.e., the 
molecules) that can be further divided into subspecies (e.g., the same species 
in different compartments) each with assigned diffusion coefficients. For 
these subspecies reactions can be defined between them with reaction rates. 
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In paper II & III all the reactions were first order as we only observe the 
transition from one diffusional state to another diffusional state. For each 
particle the simulation of trajectories was performed by sampling event times, 
where an event can either be a jump to an adjacent subvolume (diffusion) or a 
reaction changing the species. During construction of the reaction-diffusion 
model, extra subspecies may be introduced to reproduce the desired 
behaviour. Compare figure 4a, the simplified reaction diffusion model, with 
figure 4b, the reaction-diffusion model used in simulation in paper III. 

 
a 

 

b 

 
Figure 4: Membrane-cytosol reaction-diffusion, (a) simplified, (b) as defined for 
MesoRD. Figure (a) and (b) reproduced from Figure 2a and 12 in paper III. 

After simulating trajectories, they are used to generate simulated microscopy 
movies with SMeagol (Lindén et al., 2016) by incorporating experimental 
details. The first added detail is an experimental background, a movie acquired 
with the microscope in the absence of cells. This experimental background 
captures autofluorescence from the media as well as camera noise. Virtual 
cells are placed on the background and trajectories are assigned to each cell, 
either a random number of trajectories per cell as in paper II similarly to 
experiments or just one per cell as in paper III. With only one trajectory per 
cell, it is possible to align the tracked trajectory and the simulated ground truth 
trajectory. The alignment allows each tracked trajectory to be assigned the 
ground truth state at each point. The second detail added is an experimentally 
measured PSF defining the shape of the spots. This PSF is used to simulate 
photons emission for each trajectory point. The simulation also includes a 
camera noise model and supports photophysical effects such as blinking and 
bleaching. 

Despite the steps taken to produce realistic simulated microscopy movies, 
certain sources of errors are not introduced. For example, all cells are 
modelled with identical cell geometry, whereas in experimental data cells vary 
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in size, due to different stages in the cell cycle. Additionally, simulated cells 
are straight, while cells in experimental data could be curved due to constraints 
during growth. The cells in a simulation are also evenly and sparsely 
distributed while cells growing into colonies during the course of an 
experiment are in close proximity to each other. The clustering can cause spots 
from one cell to be assigned to a neighbouring cell. The question is to which 
extent these simplifications affect the end result. 
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Visual analysis 

The need to visualize 
Microscopy movies are acquired and processed to extract the trajectories. The 
trajectories are analysed to give models in the form of HMMs of different 
model sizes with fitted diffusion coefficients, occupancies and transition rates 
between the states. However, the fitting of a model to the experimental data is 
not the end of analysis, but rather the beginning. A fundamental question is 
what is the biological interpretation of the states. This is answered by a 
combination of understanding the constitutes of the system and control 
experiments where changes are made that affects the states, for example by 
depleting or perturbing a state. 

There are standard types of graphs that are used for understanding HMM 
analysis results. A simple bar plot gives a quick way of seeing the difference 
in value, or similarity (see figure 5). This plot is used extensively in paper I 
to visualize the difference in estimated parameters between different 
experiments. 

 
a 

 

b 

 
Figure 5: Occupancy (a) and dwell time (b) for ribosomal subunits in either free or 
bound state. Figure (a) and (b) reproduced from figure 4c and 4d in paper I. 

Two other types of graphs, commonly used by us are spatial distribution 
graphs. For a model it is interesting to see how each state is distributed in the 
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cell. This can help to understand if the specific state has some geometric con-
straints. For 2D tracking it can be done in three primary ways where two are 
commonly used by us, either the 2D spatial map (see figure 6, left panel), a 
projection along the short axis (see figure 6, right panel) or a projection along 
the long axis. The short axis projection is useful to identify potential mem-
brane associated states, which was a key focus in paper II. 

 
a b 

 
Figure 6: The spatial distribution of the ribosome-bound SRP state (a) and the short 
axis projection of the same data (b). The short axis distribution contains the 
theoretical uniform cytosolic short axis projection (dashed line) and the short axis 
projection of experimental data of the membrane protein LacY (dotted-dashed 
line). Figure reproduced from figure 2 in paper II. 

These were standard plots that are useful for the understanding of the models. 
Now, single-molecule tracking is a relatively new field and the analyses have 
not stabilized into off-the-shelf parts that can be directly used. During my PhD 
I have worked with trying to understand singe-molecule tracking data and how 
it can be analysed, mainly through visual analysis. For this purpose, 
visualizations have been developed that are heavily used in our lab or might 
be in the future. To facilitate the use of visual analysis the different graphs 
have been collected into functions that can reproduce the figures for our 
analysis results and be applied to new experiments performed in the lab. 

Bubble plot 
When assigning state identities, we are usually coarse graining a larger model 
into a smaller model. Here a bubble plot is useful to visualize how the states 
for different model sizes are distributed. It has the diffusion coefficient on the 
x-axis and the model size on the y-axis. For each state a circle is plotted with 
the area of the circle proportional to the occupancy (see example in figure 3a). 

The bubble plot helps to illustrate how diffusion coefficients are distributed 
across states and can guide the decision on how many states to include in the 
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coarse graining and where a threshold should be placed. In the case of figure 
3a, two clusters are observed and one threshold can be placed between them 
to give 2-state coarse-grained models. Another example is figure 7a, where 
3D tracking was performed on 50S.  

The basic bubble plot can be modified in different ways, for example the 
area of the circles can be proportional to the dwell time instead of the 
occupancy of the state. To simultaneously visualize more parameters, the 
bubble plot can be extended into 3D by adding the dwell time as the third 
dimension in an occupancy-based bubble plot. Alternatively, to avoid 3D 
graphs the area can be proportional to the dwell time and the occupancy can 
be encoded as a colour gradient (see example figure 2a in (Hävermark et al., 
2025)). 

Branch plot 
A further development of the bubble plot is the branch plot, having the same 
x- and y-axis, that is diffusion coefficient and model size, as the bubble plot 
but instead of circles the states in adjacent model sizes are connected by lines. 
For each model size, a prediction of the state is performed for each trajectory 
points. The lines between two states represent the number of common 
trajectory points that are predicted to be those states. In figure 7b the branch 
plot is showed for 3D tracking of 50S. We can see that there is a clear 
separation between fast states and slow states with few points switching 
prediction between model sizes.  

a 

 

b 

 
Figure 7: bubble plot (a) and branch plot (b) of 3D tracking of 50S analysed with 
model sizes 1 – 8 states. In the bubble plot (a) each circle’s area is proportional to 
the state that it represents for the specific model size. In the branch plot (b) the lines 
between states represent the shared trajectory points. 
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Model size convergence plot  
When coarse graining models of varying model size, the resulting parameter 
estimates can change with increasing model complexity. This effect is 
illustrated in figure 3b, where the dwell time of a coarse-grained state 
increases with increasing model size of the original model. Such trends can 
help determine the minimal model size to obtain a stable estimate of the 
parameter. 

Threshold optimization plot 
When selecting thresholds for coarse graining, multiple candidates might be 
viable. To identify the optimal threshold could be challenging, particularly if 
applied across multiple datasets. This was the case in paper I, with four 
different ribosome labels and several model sizes. To find the optimal 
threshold value, the bootstrap estimated error divided with the bootstrap 
estimated mean of the dwell time was calculated for different coarse-graining 
thresholds. By plotting this number obtained for each dataset, model size and 
state against the threshold alternative (see figure 8), we could identify a 
threshold that would give an overall error minimum. 

 
Figure 8: Bootstrap estimation of error divided by bootstrap mean of dwell time for 
model sizes 6-11 states for ribosome tracking data obtained with different labelling 
strategies. Figure reproduced from figure S11 in paper I 

Convergence plot 
An important question is how much data is required for the model’s parameter 
estimates to converge. If the size of the dataset is insufficient, the estimated 
parameter values may be unreliable. In paper II the simulations were divided 
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into batches. The analysis was then performed cumulatively by adding a batch 
to the analysis in each round. This approach allowed the estimated parameters 
to be followed as a function of increasing data size (see figure 9). These curves 
give an understanding of the minimal required data size for convergence, for 
paper II it was estimated to require around 40 000 trajectory points. 

a b c 

Figure 9: The convergence of diffusion coefficient (a), occupancy (b) and dwell 
time (c) with cumulatively increasing number of simulated trajectories of the SRP 
system. Figure reproduced from figure S18 in paper II. 

While the above convergence plots were generated using simulated data, the 
same approach can be applied to experimental data. An HMM analysis can be 
performed on a subset of trajectories, and with cumulative subsets, 
convergence plots can be constructed for experimental datasets. The previous 
simulated convergence plot, which contain a single curve per parameter, might 
falsely suggest convergence. This is avoided with multiple cumulative series 
using randomized trajectory order for each parameter (see figure 10). 

a 

 

b 

 

c 

 
Figure 10, The convergence of 2-state coarse-grained model of diffusion 
coefficient (a), occupancy (b) and dwell time (c) with cumulatively increasing 
trajectories of tracked ribosomal subunits. Figure (a), (b) and (c) reproduced from 
figure S2a, S2b and S2c in paper III. 
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Paper summaries 

Paper I 
Paper I employed fluorescent labelling of the small and the large ribosomal 
subunits to study ribosome dynamics in living cells. This in contrast to 
previous studies that primarily use in vitro reconstitution to study ribosome 
function. Labelling (see figure 11) was achieved with HaloTag fusion to a 
ribosomal protein (L1, L9, L19, L25 or S2) or by introducing an MS2 RNA 
aptamer into rRNA that can be bound by MS2CP-HaloTag (H98, H101, h6 or 
h44). 

 
Figure 11: The different labelling strategies used for single-molecule tracking of 
ribosomal subunits. In (a) the different ribosomal proteins that HaloTag was 
genetically fused with (L1 not included due to not being resolved in the structure) 
and in (b) the rRNA helices that had an MS2 RNA aptamer introduced that 
MS2CP-Halotag could bind to. Figure (a) and (b) reproduced from figure 1a and 
1b in paper I. 

The selected protein-based labelling strategies for ribosome tracking were the 
L9-HaloTag (large subunit) where cells exhibited near WT growth and the S2-
HaloTag (small subunit) where cell had slower growth compared to WT. For 
the rRNA labelling, h6-MS2 (small subunit) and H98-MS2 (large subunit) 
showed WT-like growth rate. 
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Cells expressing labelled ribosomal subunits were subjected to 
fluorescence microscopy, giving trajectories of ribosomal diffusion with a 
mean length of 40 frames. These trajectories were analysed using our HMM 
based analysis software to generate models ranging 1 to 11 states (see figure 
3a). The models where coarse grained into 2-state models, the free subunit and 
the subunit in a translating ribosome. 

The threshold for coarse graining was experimentally determined to lie 
within the range 0.15-0.3 µm2/s. To further refine this threshold, we examined 
the threshold optimization plot for the different thresholds (see figure 8). A 
minimum for the dwell time bootstrap error divided by the estimate was 
observed at 0.25 µm2/s which was used as the threshold to separate bound 
from free ribosomal subunits. 

Using the 2-state coarse-grained models, the dwell time and occupancies 
of the bound and free state could be estimated as a weighted mean of the 
models of size 7 to 11 states. Which model sizes to include, i.e., ≥ 7, in the 
analysis were selected based on the model size convergence plot (see figure 
3b). The occupancy of the free state was found to be 6-7% (see figure 5), about 
10 percentage points lower than previously reported. However, earlier 
measurements likely include precursor subunits that account for approximate 
10% of all subunits. Since our fluorescence movie acquisition was performed 
much later than labelling occurred, tracked molecules should only include 
mature ribosomes. 

Dwell times in the bound state for both the small subunit and large subunit 
were found to be in the 20 s range (see figure 5) with the S2-HaloTag having 
a slightly larger dwell time of 28 s (it also grows slower and has an altered 
phenotype). The fact that the dwell time of the bound 30S state is not 
significantly longer than the dwell time of the bound 50S state, indicates that 
re-initiation by 30S on downstream open reading frames is rare. Conversely, 
given known average protein lengths and elongation speeds, the observed 
dwell times are approximately 50% longer than the expected average duration 
of protein translation. This suggests that even if 30S re-initiation is rare, 70S 
re-initation is more common. 

Paper II 
In Paper II the signal recognition particle (SRP), that is responsible for 
cotranslationally targeting mainly inner-membrane proteins for membrane 
insertion, was investigated. SRP consists of a protein (Ffh) and an RNA 
(4.5S), where the RNA was labelled in vitro and introduced into the cell via 
electroporation. Modification of the fluorescent dye and the use of an oxygen 
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scavenger system resulted in a 1.5 time increase in trajectory length compared 
to the unmodified dye. The trajectories were analysed with our HMM based 
analysis software to give models of size 3 to 8 states (see figure 12). 

 
Figure 12: Bubble plot of model sizes 3 to 8 states for tracking of labelled 4.5S 
RNA. The dashed lines show the thresholds used for coarse graining, 0.8 µm2/s and 
3 µm2/s. Figure reproduced from figure 1b in paper II. 

Three distinct clusters of states were observed. Control experiments, 
increasing or decreasing the proportion of individual states, enabled 
identification of the states as 4.5S RNA (fastest state), SRP (middle state) and 
SRP bound to the ribosome (slowest state). SRP targeting involves random 
diffusion of the SRP-ribosome to the membrane followed by 2D diffusion by 
the membrane before binding to a translocon. This gives it a spatial component 
and the spatial distribution of the states was investigated. 

The distribution of the 4.5S RNA and SRP states were predominantly 
cytosolic, whereas the ribosome-bound state exhibited a mixed cytosolic and 
membrane distribution (see figure 6), indicating that the ribosome-bound state 
spends time at the membrane. The short axis projection of the spatial 
distribution of the ribosome-bound state was fitted to a mixture of a cytosolic 
and a membrane distribution to estimate the membrane associated fraction, 
which was found to be 44%. To further investigate the membrane association, 
the same spatial analysis was applied to SRP binding and release event with 
the ribosome (see figure 13). 
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Figure 13: The spatial distribution (left) of ribosome binding events (top) and 
release events (bottom) with the short axis distribution (right). The short axis 
distribution contains the theoretical uniform cytosolic short axis projection (dashed 
line) and the short axis projection of experimental data of the membrane protein 
LacY (dotted-dashed line). The ribosome binding and release events are transition 
to and from state 1 respectively. Figure reproduced from figure 4 in paper II. 

The release of SRP from the ribosome predominantly occurred at the 
membrane, whereas the binding events were estimated to have a 25% 
membrane associated fraction. These observations combine to a model in 
which SRP primarily binds ribosomes in the cytosol followed by diffusion to 
the membrane for release. However, in 25% of cases, SRP binds a ribosome 
already located by the membrane (see figure 14). 

 
Figure 14: The experimental derived reaction-diffusion model of 4.5S RNA. Figure 
reproduced from figure 5 in paper II. 
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Simulations were used to investigate the experimentally derived model. An 
initial reaction-diffusion model was iteratively refined by comparing the 
analysis results of the simulations with the experimental results. In each 
iteration the reaction-diffusion model was manually adjusted and new 
simulated microscopy movies were generated (see workflow in figure 15). 

 
Figure 15: Workflow of simulated microscopy data analysis. Figure reproduced 
from figure S16 in paper II. 

The final model produced HMM parameters that closely matched the 
experimental data (see table 1). From the simulations it can be seen that the 
dwell times were overestimated compared to the ground truth. In addition, the 
diffusion coefficients were underestimated, a consequence of the cell 
confinement. It is likely that the HMM analysis of experimental data also 
include these biases. 
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To account for segmentation imperfections, a random offset was added to the 
x- and y-coordinates in the simulations. Additionally, a random offset was 
added to the z-coordinate of cells to reflect the variation in cell position on the 
agarose pad. These random offsets were investigated by comparing the short 
axis projection of experimental LacY data to simulations of a membrane 
associated particle with and without random offsets (see figure 16). 

Table 1: Comparing the experimental model to the iteratively refined simulated 
model after analysis. Table reproduced from table S3 in paper II. 

  
State 1 (ribosome-bound SRP) 

State 2 (SRP) State 3 (4.5S RNA) 

Membrane Cytosol 

Diffusion 

coefficient 

(µm2/s) 

In vivo microscopy  0.047 +/- 0.002 1.70 +/- 0.02 4.3 +/- 0.1 

Simulated model 

ground truth 
0.06 2.2 7.7 

Simulated 

microscopy 
0.046 +/- 0.001 1.66 +/- 0.01 4.11 +/- 0.05 

Occupancy 

(%) 

In vivo microscopy 

28+/-1 
56+/-1 16+/-1 

13+/-2 16+/-3 

Simulated model 

ground truth 

26.8 
57.9 15.3 

17.2 9.6 

Simulated 

microscopy 

28 +/- 1 
57+/-1 15+/-1 

13+/-1 15+/-1 

Dwell time 

(ms) 

In vivo microscopy 

1000+/-80 
1890+/-140 7000+/-14000 

440+/-70* 750+/-120* 

Simulated model 

ground truth 

740 
1449 10000 

479 342 

Simulated 

microscopy 

1010+/-50 
1700+/-100 9000+/-6000 

480+/-30* 710+/-60* 
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Figure 16: Spatial distribution of a membrane associated molecule simulation with 
(a) and without (c) X-Y-Z variation compared to the experimental obtained spatial 
distribution of LacY (b). Comparison of the short axis projections of all three (d). 
Figure reproduced from figure S17 in paper II. 

In this study, simulations were used to validate and explore the experimental 
single-molecule tracking model. The initial model tested consisted of five 
states: 4.5S RNA, SRP and three ribosomal states (cytosolic, membrane bound 
and translocon bound). However, replicating this 5-state model through 
simulations proved challenging, so it was replaced with a simplified 3-state 
model that merged the ribosomal states and incorporated spatial context by 
other means. This analysis revealed that membrane binding could not be 
reliably distinguished from cytosolic diffusion for the slowest moving state 
based solely on diffusion rate. This motivated us to explore the possibility of 
tracking molecules in 3D. 

Paper III 
In paper II the membrane interaction was investigated by fitting the short axis 
projection of experimental data to a mixture of membrane associated and 
cytosolic distributions. In paper I & II the 3D trajectory of the molecule is 
projected onto a 2D plane. As a result, a molecule diffusing along the cell 
membrane in the upper or lower part of cell appears indistinguishable from a 
molecule diffusing in the centre of the cell (see figure 17). If the membrane 
interaction would result in a sufficient change in diffusion rate our regular 
HMM analysis would be able to distinguish the two states, but as seen in 
paper II this was not the case. Therefore, while membrane interaction can be 
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assessed on a population level, as in paper II, identifying membrane 
interaction at the level of individual trajectories is not feasible with this type 
of 2D tracking. 

 
Figure 17: A cell containing trajectories with random movement together with two 
projections of the trajectories onto the xy and the yz planes, respectively. The green 
trajectory moves only on the membrane surface of the cell, the blue trajectory 
moves in the cytosol. 

In paper III, the Gaussian-like PSF that we see use for 2D tracking experi-
ments was replaced with a double helix PSF (DH-PSF) using PSF engineer-
ing. The DH-PSF encodes depth information, enabling tracking in 3D. This 
approach requires an additional component for the microscope, a phase mask. 
Hence, to investigate if DH-PSF was feasible, simulated microscopy movies 
were constructed using a DH-PSF model. One challenge is that the DH-PSF 
splits the signal into two lobes, halving the signal to noise ratio. The ability to 
detect spots under varying light intensities were tested with simulated micros-
copy movies. To detect the DH-PSF, a newly developed deep-learning ap-
proach was employed and trained on simulated images of randomly distrib-
uted spots. 

With trajectories containing 3D coordinates, it becomes possible to 
investigate whether individual trajectory points are membrane associated or 
not. Since our regular analysis can distinguish states if they are sufficiently 
separated in diffusion rate, a cytosol-membrane diffusion-reaction model was 
constructed in which the membrane state and cytosol state had similar 
diffusion coefficients (see figure 4). Simulated microscopy movies based on 
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this model were used to test the ability to separating membrane interacting 
diffusion from free diffusion in the cytosol by the new 3D tracking approach. 

In paper III, membrane association was identified based on the shape of 
the E. coli cell, which is approximately cylindrical with spherical caps. 
Ignoring the caps, a yz projection of the membrane forms a circular outline 
around the cytosol. Consequently, a molecule bound to the membrane is 
expected to follow a circular path, whereas a molecule diffusing freely in the 
cytosol is unlikely to exhibit such behaviour (see figure 18a). 

 
a b 

Figure 18: (a) Trajectory segment from the simulated membrane-cytosol diffusion-
reaction model. (b) Circle error values plotted against frame number for the same 
trajectory segment. Figure reproduced from figure 1 in paper III. 

By applying an error function, a whole trajectory can be assigned a circular 
error value, indicating how well it follows a circular path. Since a trajectory 
can contain transitions between states, the error function assigns each 
trajectory point outside of the poles to a value using a sliding window of 5 
points (see example in figure 18b). By applying this to trajectories generated 
from our reaction-diffusion model (see figure 19a), we evaluated whether the 
error function could distinguish membrane associated diffusion from free 
diffusion in the cytosol. 

As an initial test, a simple threshold was used for classification of trajectory 
points as membrane associated or cytosolic. Since the ground truth is known, 
the threshold was set to minimize the overall misclassification rate. In addition 
to the trajectories generated from the reaction-diffusion model (figure 19a) 
this was applied for trajectories tracked from simulated microscopy movies 
without random offset (figure 19b), with a 40nm random offset (figure 19c) 
and random offset (same as in paper II) of 80nm in the xy-plane and 100nm 
in z-direction (figure 19d). With each step the overall misclassification rate 
increases, from 0.4% for trajectories generated from the reaction-diffusion 
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model to 28.3% for trajectories tracked from simulated microscopy movies 
with the same random offset as in paper II. 
a b 

c d 

Figure 19: Histogram of circular error from reaction diffusion simulation (a) and 
simulated microscopy data without random offset (b), 40nm random offset (c) and 
same random offset (80nm in the xy-plane and 100nm in z-direction) as in paper 
II (d). Figure (a), (b), (c) and (d) reproduced from figure 3, 4 6a and 5a in paper 
III. 

Due to the introduction of a random offset, the centre of the circular path used 
in the error function is no longer located at the origin but displaced by a 
random distance. This displacement becomes more pronounced with 
increasing random offset. To account for this the centre of the error function 
is allowed to move within a defined range to minimize the error function. 

For the two random offsets introduced earlier, four ranges of allowed centre 
movement (both y- and z-direction), were tested: ±50nm, ±100nm, ±150nm 
or ±200nm. Focusing on the ±50nm and ±100nm ranges (see figure 20), the 
result show that for a 40nm random offset the best misclassification rate was 
achieved with ±50nm movement range. In contrast, for random offset used in 
paper II the lowest misclassification rate was ±100nm movement range. 
Additionally, for the random offset used in paper II, the individual 
misclassification rates for membrane state and cytosol state were more 
balanced. 
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a b 

c d 

Figure 20: Histogram of circular error from simulated microscopy data 40nm 
random offset (a, c) and random offset (80nm in the xy-plane and 100nm in z-
direction) as used in paper II (b, d). Centre movement range was ±50nm (a, b) 
and ±100nm (c, d). Figure (a), (b), (c) and (d) reproduced from figure 6b, 6c, 5b 
and 5c in paper III. 

It is important to understand from experimental data what range of movement 
would be optimal. We can note that for the 40nm random offset the optimal 
movement range was ±50nm and for the random offset used in paper II (80nm 
in the xy-plane and 100nm in z-direction) the optimal movement range was 
±100nm. This suggests a potential pattern, but it would require to know the 
random offset. In this case the 40nm movement was chosen from experimental 
data (see below). 

Since we are interested in the dynamics of the membrane binding, the 
dataset with a 40nm random offset was also analysed with our HMM based 
analysis software, treating the circular error values as step lengths (CFE-
HMM). From this analysis we obtained occupancies and dwell times, that 
along with calculated misclassification rate and can be compared to the ground 
truth (see table 2). 
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Table 2: Occupancies and dwell time for Ground truth (GT) and CFE-HMM with 
0nm, ±50nm and ±100nm centre movement ranges. Table reproduced from table 1 
in paper III. 

 M occ., % M dwell time, s C occ., % C dwell time, s Misclass. rate, % 

GT 45 2.0 55 2.4  
0 nm 33 8.4 ± 0.6 67 12.4 ± 0.8 18.8 

± 50 nm 43 3.0 ± 2.5 57 5.5 ± 14.5 17.5 
± 100 nm 37 4.0 ± 0.6 63 7.7 ± 0.4 16.6 

We can see that for the ±50nm movement range, occupancies and dwell times 
are closer to the ground truth. However, the ±100nm movement range results 
in lower misclassification rate. This indicates a potential trade-off between 
correct parameter estimation and misclassification rate. Again, this suggests a 
need to identify the movement range that best fits the data. 

Additionally, we can observe that the dwell times are overestimated, an 
effect also noted in paper II, although not to the same extent. A possible 
explanation for this could be the number of trajectory points in the analysis, 
just under 50 000 points. In paper II the number of trajectories point sufficient 
for convergence was estimated to be 40 000 (see figure 9). While this dataset 
exceeds that number, the convergence is likely to be model dependent. 

We have observed that the random offset added influences the movement 
range needed to achieve the optimal misclassification rate. The random offset 
is not directly observed from the experimental data. Therefore, it would be 
beneficial if the random offset could be counteracted. To do so an internal 
membrane standard labelled with a distinct fluorophore was introduced, this 
served as a positional reference for the membrane. 

By alternating stroboscopic illumination between the two fluorophores, 
both labels can be imaged simultaneously rather than sequentially. This is 
important because cells grow during acquisition, so if the membrane standard 
is collected after the molecule of interest the membrane’s localization might 
have moved. This consideration is particularly important since the time 
between frames for the molecule of interest is 100ms, with hundreds of frames 
collected. 

The dye used for the membrane standard was less photostable then the dye 
for the molecule of interest. The interval between frames was longer to allow 
the molecules sufficient time to diffuse before photobleaching. 

The positional data from the internal membrane standard was not 
sufficiently reliable for all cells. Therefore, we applied selection criteria to 
filter cells. The selection criteria were determined by comparing the internal 
membrane standard to a membrane protein of interest. For these cells the 
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offset of membrane standard from true membrane was estimated to be around 
40nm. Applying these selection criteria filtered out the majority of the 
trajectories, less strict selection criteria would retain more trajectories. 

For filtered cells, the centre position of the internal membrane standard was 
used to correct the trajectories position. This compensates for random offset 
and reduce the needed movement range. The corrected trajectories were then 
analysed with our HMM based software, either as diffusion HMM (D-HMM) 
or as the circular error (CFE-HMM). Both models were coarse grained; D-
HMM using the threshold 0.2 µm2s-1, which is slightly lower than the 
threshold used in paper I. For CFE-HMM the threshold was derived from 
analysis of membrane protein trajectories. 

This approach yields two models that highlight two aspects of the same 
data. The D-HMM models captures ribosomal states, 50S and 70S, while the 
CFE-HMM identifies membrane interaction. Our goal is to combine these 
models to define biologically meaningful states: 50S, cytosolic 70S and 
membrane associated 70S. 

With our current HMM based analysis software it is not possible to directly 
integrate diffusion and circular error data. Instead, for each trajectory point, 
the D-HMM and CFE-HMM state is predicted. Based on these predictions, 
each trajectory point is assigned a biological state. From this assignment, 
occupancy and dwell time are estimated (see figure 21), including the 
membrane associated 50S state. 

 
a b  

Figure 21: The estimated occupancies (a) and dwell times (b) for combined 
biological states. Figure reproduced from figure 11 in paper III. 

To assess model convergence, we examine the convergence plots for both D-
HMM (see figure 10) CFE-HMM (se figure 22). Visual inspection of the dwell 
time convergence suggests that neither model have fully converged. For 
further details, refer to Supplementary Note 4 in paper III. 
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a b c 

Figure 22: The convergence of 2-state CFE-HMM coarse-grained model of 
generalized CFE (a), occupancy (b) and dwell time (c) with cumulatively 
increasing amount of data. Figure (a), (b) and (c) reproduced from figure S2d, S2e 
and S2f in paper III. 

Assessing model convergence for the biological states is currently not 
feasible. The randomization differs between D-HMM and CFE-HMM 
models, resulting in different trajectory subset. Consequently, it is not possible 
to simultaneously predict states for the same trajectory points using both 
models. This issue could be resolved by consistent randomization across both 
D-HMM and CFE-HMM analysis. 

In this study, we investigated the ability to assess membrane association. 
Using simulation, the method was tested on a reaction-diffusion model where 
membrane association could not be inferred solely based on diffusion rate. 
The model’s membrane association prediction yielded a misclassification rate 
less than 20%. 

The same method was applied to tracked ribosome data, where 16% of 
translating ribosome were predicted to be membrane associated. The 
estimated dwell time for membrane association was about 20s, longer than the 
expected duration required to translate a transmembrane domain. This 
suggests that ribosomes may be membrane associated for the entire protein 
insertion into the inner membrane. 

However, with the current time resolution, short-lived events may be 
missed, leading to an overestimation of the dwell time. Additionally, with the 
current data size, it is unlikely that the model is fully converged. 

The most straightforward way to improve the convergence is to acquire 
additional datasets. However, it is also possible to address the issue without 
collecting new data. One area for improvements is the current pole removal 
strategy, which retains only the longest continuous stretch of positions outside 



 

 40 

the pole. By instead keeping all valid stretches, more data would be retained. 
However, this would increase the proportion of short trajectories. 

The pole region can also be treated differently from the cylindrical part of 
the cell. Since the poles are approximately rounded caps, the radius could be 
dependent on the long axis position. This would allow the error function to be 
applied across the whole cell. 

The filtering based on internal membrane standard could be improved, 
either by revisiting the selection criteria or by enhancing the labelling strategy. 
Improved criteria could help retain more cells with reliable internal standard. 
Additionally, the internal standard itself could be improved by having a more 
photostable or blinking dye, which would enable broader membrane coverage. 
With a broader membrane coverage, it may be possible to use the internal 
standard for 3D segmentation of the cell. 

In this study, the data was analysed using either diffusion or circular error, 
D-HMM and CFE-HMM respectively, each applied independently. By re-
implementing the analysis to use a generic HMM framework, each state could 
have two emitted signals instead of just one. This would allow state 
assignment based on both signals simultaneously. 

The reaction-diffusion model used for simulations represent a simplified 
membrane-cytosol model. In this model, the dwell time is about 2s for each 
state, an order of magnitude shorter than the dwell times estimated from the 
ribosomal data. To investigate the experimental model, a ribosomal 
membrane-cytosol reaction-diffusion model could be developed. 

The issue of potentially overestimated dwell times due to missed short 
events could be explored by simulating a model with shorter ground truth 
dwell times. Furthermore, the continuum of 70S states observed in paper I 
(see Figure 3a) could be modelled by a sequence of states in the reaction-
diffusion model with identical diffusion coefficients, or with diffusion 
coefficient sampled from a distribution approximating the continuum 
distribution. 
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Future Perspective 

Some of the future perspective has already been discussed in the chapter on 
paper III, where potential improvements for a future version of the paper are 
outlined. One point is the possibility of re-implementing the analysis using a 
generic HMM framework. This would allow integration of the diffusion and 
circular error analysis by having two emitted signals instead of one. Moreover, 
this approach could be extended to incorporate additional signals, where 
FRET comes to mind. 

A step further than a generic HMM framework would be to use a 
probabilistic programming language, where a probabilistic model is defined 
and inference is handled by the software. This approach separates the model, 
written by the researcher, from the inference algorithm, developed and 
maintained by a development team. By re-implementing our HMM in a 
probabilistic programming language, we would gain the flexibility to modify 
the model in ways that may not be supported by a generic HMM framework. 

One possible modification of the model would be to restrict some state 
transitions. This would be useful in cases where we have biological reasons to 
suspect that certain transitions are unlikely or impossible. With our current 
HMM software all state transitions are assumed to be allowed, which prevents 
comparison with models that impose such constraints. 

Another possibility is to introduce sequential states with identical or similar 
parameters, where the number of states in the sequence is a fitting parameter. 
This approach would mimic multistep processes, such as translating 
ribosomes which involves multiple steps when synthesising a protein. 

Additionally, there is the possibility to analyse dataset acquired at different 
frame rates to capture the dynamics at different time scales. For example, if 
one dataset has a frame interval twice as long as the other, its trajectories could 
be modelled using double time step length and the transition matrix would be 
the square of the other transition matrix. With this setup, the underlying 
parameters would be the same, but the model for the trajectory different 
depending on the frame rate. 

AI based methods are gaining traction and warrant further exploration 
(Muñoz-Gil et al., 2021). In parallel with the work on paper III, we have 
investigated at a deep-learning approach in collaboration with another group 
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(Kæstel-Hansen et al., 2025). In this method, membrane association is 
predicted by training on trajectory-derived fingerprints. By utilizing 3D 
tracking combined with the internal standard, the preliminary results have 
been promising. A future comparison with the method in paper III could soon 
be feasible. 

In paper II, parameters of a reaction-diffusion model were iteratively 
changed to make the HMM from the simulated microscopy movies similar the 
experimental HMM. This resulted in one model that represented one possible 
ground truth. Alternatively, multiple reaction-diffusion models could be 
constructed, where the parameters were systematically varied. The HMM 
resulting from analysis of each reaction-diffusion model could be compared 
to the experimental HMM, each evaluated as pass or fail depending on 
similarity. The set of passing parameters can show the range of possible 
ground truths. This approach resembles approximate Bayesian computation. 

A significant portion of my work has involved visualization of data. Data 
visualization is not only a personal interest but also an important tool when 
dealing with complex datasets, especially when statistical methods are 
cumbersome. Several plots have been created for paper I, I & III and are 
maintained as a local git repository, for use in future publications. These are 
currently tailored to be used with our HMM based analysis software and are 
not directly compatible with other analysis software. 

This can be addressed by decoupling the visualization functionality from 
the data reading process. This can be achieved by implementing abstract 
plotting classes that contains the visualization code and implement specific 
data reading classes that inherit a plotting class. A draft implementation exists 
for a few plots and can be extended further. This design could be important if 
other analysis software is added to our analysis pipeline as it allows reuse. 
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Populärvetenskaplig sammanfattning 

En bakteriecell är ett dynamiskt system där en mångfald av molekyler 
interagerar på olika sätt. För att förstå hur cellen fungerar vill man studera 
dessa molekyler och deras inbördes interaktioner. Det kan göras på många 
olika sätt, beroende på vad man är intresserad av. En klassisk metod är att 
kombinera olika molekyler i provrör för att studera den reaktion som händer. 

Denna metod har varit framgångsrik, men reaktionen omfattar endast de 
molekyler som tillsätts i provröret, medan cellen innehåller tusentals olika 
sorters molekyler. För att studera reaktionen i sin naturliga miljö vill man följa 
den i levande celler. För att göra detta måste man kunna fokusera på just den 
reaktion man är intresserad av. Här används en modern teknik för att studera 
en specifik molekyl i cellen. 

Ett enkelt sätt att förstå hur tekniken fungerar är att om vi skulle följa mig 
med t.ex. GPS så skulle vi genom att titta på hur snabbt jag rör mig lista ut om 
jag går, springer, cyklar eller åker buss. På liknande sätt kan man följa en 
molekyl som rör sig in en cell. Om molekylen binder till en annan molekyl så 
kommer den att röra sig långsammare. Genom att studera hur snabbt en 
molekyl rör sig i cellen kan man avgöra om den rör sig fritt eller är bunden till 
något. På så sätt kan man studera molekylens interaktioner i en levande cell. 

Det första problemet är att kunna urskilja en specifik molekyl bland 
miljontals andra i cellen. För att lösa detta har molekylen försetts med en 
fluorescerande märkning, vilket innebär att när den bestrålas den med ljus av 
en viss våglängd så avger den ut ljus av en annan väglängd. Men hjälp av ett 
mikroskop kan man se molekylen och följa dess rörelse genom cellen. Genom 
att analysera molekylens rörelse kan man skapa en modell av hur den binder 
till andra molekyler. 

Med denna teknik kan olika system i cellen studeras, exempelvis 
ribosomen som tillverkar proteiner och är central för cellens funktion. Ett 
annat system som vi har studerat är SRP som hjälper proteiner att integreras i 
cellmembranet (som avgränsar cellen från omgivningen). När vi studerade 
detta system så var en av utmaningarna att det är svårt att avgöra om en 
molekyl befinner sig vid membranet när vi ser dess position i en platt bild, 
d.v.s. i 2D. 
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För att underlätta studier av interaktioner med membranet använde vi en 
teknik som möjliggör att molekylens rörelse kan följas i 3D, inte bara 2D som 
tidigare. Om man betraktar ett tvärsnitt av en cell framträder membranet som 
en cirkel runt cellen. En molekyl som befinner sig vid membranet kommer 
därför att röra sig längs en cirkulär bana. Genom att följa molekylens rörelse 
i 3D så kan vi avgöra om den följer en cirkulär bana. Med denna metod kunde 
vi studera ribosomer och identifiera när de interagerade med membranet. 

Med denna metod hoppas vi kunna studera fler system som interagerar med 
membranet eftersom det är en viktig komponent för cellens funktion. 
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Popular science summary  

A bacterial cell is a dynamic system where multitude of molecules interact in 
different ways. To understand how the cell functions, one wants to study these 
molecules and their interactions. This can be done in many different ways, 
depending on what one is interested in. One classic method is to combine 
different molecules in a test tube to study the reaction that occurs. 

This method has been successful, but the reaction includes only the 
molecules that are added to the test tube, while the cell contains thousands of 
different molecules. To study the reaction in its natural environment one wants 
to follow it in living cells. To do this one must be able to focus on the specific 
reaction that one is interested in. Here a modern technique is used to study a 
specific molecule in the cell. 

An easy way to understand how the technique works is if we would follow 
me with, for example an GPS, we would by looking at how fast I am moving 
be able to figure out if I am walking, running, biking or traveling by buss. In 
a similar way one can follow a molecule that is moving in a cell. If the 
molecule binds to another molecule, it will move slower. By studying how 
fast a molecule is moving in the cell one can determine if it is moving freely 
or is bound to something. In this way one can study the molecule’s interactions 
in a living cell. 

The first problem is to distinguish one specific molecule among millions of 
others in the cell. To solve this, the molecule has been attached to a fluorescent 
tag, which means that when it is illuminated with light of a specific wave 
length, it will emit light of another wave length. With the help of a microscope 
one can see the molecule and follow its movement through the cell. By 
analysing the molecules movement one can create a model of how it binds to 
other molecules. 

With this technique different systems in the cell can be studied, for example 
the ribosome that produces proteins and is central for the cell’s function. 
Another system that we have studied is SRP that help proteins to be integrated 
in the cell membrane (that demarcates the cell from the environment). When 
we studied this system one of the challenges was that it is hard to decide if a 
molecule is by the membrane when we see its position in a flat image, that is 
in 2D. 
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To ease studies of interaction with the membrane we used a technique that 
enables the molecules movement to be followed in 3D, not only 2D like 
before. If one contemplates a cross section of a cell, the membrane appears 
like a circle around the cell. A molecule that is located by the membrane will 
therefore move along a circular path. By following the molecule’s movement 
in 3D we can determine if it follows a circular path. With this method we could 
study ribosomes and identify when they interacted with the membrane. 

With this method we hope to be able to study more systems that interact 
with the membrane since it is an important component of the cells function. 
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