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Abstract

Temporal resolution is a key parameter in the observation of dynamic processes, as in the case of single molecules
motions visualized in real time in two-dimensions by wide field (fluorescence) microscopy, but a systematic investigation
of its effects in all the single particle tracking analysis steps is still lacking. Here we present tools to quantify its impact
on the estimation of diffusivity and of its distribution using one of the most popular tracking software for biological
applications on simulated data and movies. We found important shifts and different widths for diffusivity distributions,
depending on the interplay of temporal sampling conditions with various parameters, such as simulated diffusivity,
density of spots, signal-to-noise ratio, lengths of trajectories, and kind of boundaries in the simulation. We examined
conditions starting from the ones of experiments on the fluorescently labelled receptor p75N™, a relatively fast-diffusing
membrane receptor (diffusivity around 0.5-1 um?/s), visualized by TIRF microscopy on the basal membrane of living
cells. From the analysis of the simulations, we identified the best conditions in cases similar to these ones; considering
also the experiments, we could confirm a range of values of temporal resolution suitable for obtaining reliable diffusivity
results. The procedure we present can be exploited in different single particle/molecule tracking applications to find an
optimal temporal resolution.

Keywords Single molecule tracking - Nanobioimaging - Molecular diffusion - Mean square displacement - Single
molecule simulations

1 Introduction

Single particle tracking (SPT) is a powerful technique that consists in the reconstruction of trajectories of single objects.
It has been widely applied in life science in different biological contexts to extract valuable insight into the spatiotem-
poral behaviour of cells, organelles, molecules, and associated functions: from signalling, to transcription, to infection
or drug delivery [1-6]. SPT combines high spatial and temporal resolution for a complete picture of the process under
investigation.

SPT consists of two main steps: the first one includes particle detection and localization in space; the second one is
the strictly “tracking” step with linking of the located spots through time [7-9]. Localization is performed at subpixel
resolution, e.g. by Gaussian fitting of the spot intensity profile, obtaining typical accuracy of tens of nanometers,
way below the standard resolution of the used microscope [10, 11]. Starting from this superresolved localization,
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information at the cellular or cellular compartment scale can be obtained, usually starting from the classification of
the motion kind (e.g. confined, diffusive, drifted, subdiffusive) or simply by the measurement of the diffusion coef-
ficient, typically extracted from the mean square displacement (MSD) function, eventually considering its distribution
in different compartments or under different conditions [10, 12-15].

The effects of temporal resolution in SPT have mostly been investigated considering its influence on localization
accuracy. Two kinds of uncertainties related to temporal resolution influence particle localization in SPT: static and
dynamic [16-19]. The first one is the experimental-noise related uncertainty affecting the localization of particles,
even if immobilized; the second one is caused by the motion of the particles during the acquisition time of each
frame. Static errors increase for low signal-to-noise ratios (SNRs), dynamic errors (“blurring”) increase with diffusivity
and integration time [20-22].

Instead, uncertainties strictly connected to the linking step have been much less investigated, and a complete
analysis considering both localization and tracking effects on the accuracy of SPT analysis and diffusivity estimations
under different conditions is still lacking. Here we perform a systematic investigation of the effects of temporal resolu-
tion in SPT for bidimensional movement (e.g., on cell membranes) considering all the steps of the analysis workflow.

First, we perform MSD analysis and diffusion coefficient estimation using exact simulated trajectories; then we
perform the tracking analysis on exact simulated positions; finally, we carry out detection, localization and tracking
on simulated movies. In our empirical investigation, we used the uTrack software, the most cited and used algorithm
for SPT in biological applications to our knowledge [9, 23]. It was developed and is available in MatLab, but its track-
ing algorithm is also implemented in ImageJ and is available in the TrackMate plugin [24]. We investigated temporal
resolution effects at different diffusivities, SNRs and particle densities. We show that, in practical situations, the
impacts of other aspects besides localization must be considered, e.g. those related to the tracking step. The different
investigated parameters can cause shifts and broadening on the obtained distribution of diffusivities, compromising
the accuracy of the results. The effects of the different parameters in the different steps of the analysis interacts in
non-trivial ways, highlighting the importance of analysing them one at a time.

For comparison with the computational results, we also performed SPT experiments. We labelled the p7
receptor with a fluorescent dye and visualized it at the single molecule level on the membrane of living cells by total
internal reflection (TIRF) microscopy. Thanks to previous investigations of simulations, we used the best temporal
resolutions for our experimental conditions. From the experimental results, we could confirm a temporal range for
obtaining comparable and reliable diffusivity distributions.

Thanks to the set of codes developed in the study and made freely available, optimal temporal resolution condi-
tions can be found in different types of single particle tracking applications, following a procedure similar to the
one shown by us.

SNTR

2 Results and discussion
2.1 Simulation conditions

We simulated tracks of particles diffusing with Brownian motion on a square two-dimensional area usually 16 x 16
(=256) pm2 in size; we did not consider other kinds of motions because we wanted to have a clear comparison with
the expected diffusivity distributions. We set diffusion coefficients Dg at 0.1, 0.5, 1 or 2 p m?/s; this range includes
measured diffusion coefficients of membrane proteins, especially receptors, but also of lipids [25-30]; we did not use
lower diffusivities because the expected influences of temporal resolution would be negligible. In order to keep the
mean density of particles constant and to have a complete simulated trajectory for each particle, we set reflective
boundaries for our simulated area. The temporal simulation step was 1 ms. On the obtained results, we simulated
different temporal resolutions, as better explained in each of the following sections, using resolutions from 1 to
150 ms (therefore covering a rather exhaustive range of resolutions used in different kinds of single particle tracking
applications [31-34]).

@ Discover



Discover Nano (2024) 19:87 | https://doi.org/10.1186/511671-024-04029-1 Research

2.2 Analysis of exact simulated trajectories

In order to control if there were any effects of time resolution caused already by our simulation conditions (and to have a
starting point to be compared in the following steps), we checked the diffusion coefficient distributions extracted from
the exact trajectories. To obtain them, we sampled the simulated tracks using different temporal sampling intervals
(At=1, 5,10, 20, 50, 100, 150 ms), with 500 total time steps for each case. On these sampled tracks, we performed the
MSD analysis and estimated the short-time diffusion coefficient D from the first two points (time lag=1 and 2), as previ-
ously reported [15, 18, 35]: importantly, this short-lag D can be used independently of the kind of motion, minimizing the
impact of eventual drifted or confined motions, and is more sensitive for detecting changes in diffusivities [36, 37]. We
observed a tendency towards an underestimation of diffusivity, assessed by the peak of its distribution D, at longer
At, with a more evident effect at faster diffusivities (Fig. 1). We hypothesized that this phenomenon was only due to the
confined motion caused by the reflective borders in our conditions, as already observed by others [38, 39]. To verify this
point, we performed the same analysis on tracks simulated similarly on a surface with periodic boundaries (Fig. S1A). In
this case, we observed no shift of the distribution of D, but a broadening at longer At. We also observed that the shift of
the distribution observed in Fig. 1 becomes more pronounced for smaller areas (Fig. S1B). The broadening observed in
Fig. STA is due to the different trajectory lengths (i.e., number of spatio-temporal points that make up the track) in the
case of periodic boundaries: at longer At, a particle can typically reach the boundaries (with interruption of its track)
after a lower number of time steps, increasing the uncertainties on the estimated D. We further confirmed this point by
simulating and analysing tracks on a surface without any borders, at a fixed At of 50 ms, by changing the number of points
included in the track (n=100, 250, 500, 1000, 2500; Fig. S1C). We observed the broadening of the D distribution at lower
numbers of points, with a slight apparent shift of the peak at 250 and 100 numbers of points. The latter is caused by the
semilogarithmic scale we use for the distribution function (as done in previous works [15, 26, 271), and by the fact that
when the standard deviation of the distribution in linear scale is close to or higher than the value of its average (situa-
tion that occurs at the lowest numbers of points in the tracks), this shifts the peak in the semilogarithmic distribution at
a higher value (see Supplementary Note 1). It is interesting to notice that neither an often used approximation for the
MSD of a confined motion nor a simple model developed by us could reproduce exactly the results retrieved from the
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simulation, the former by largely overestimating the expected short-lag D, and the latter by underestimating it at the low
simulated Ds (see the following section and Supplementary Note 2). Instead, Fig. 1 allows having a quantitative measure
of the effects of the reflective borders (set for all the simulations reported in the following sections) on the estimation
of the diffusion coefficient in our conditions; we will show that this shift is typically smaller than others observed in the
following, so it can be facilely considered in the interpretation of the results.

2.3 Tracking on exact simulated positions

In order to explore the possible effects of the tracking process on the D estimation, for each simulation step we con-
sidered only the positions of the whole set of spots generating the simulated trajectories sampled at various intervals
At as specified above. We used these exact positions as input for the tracking algorithm, as if they were spots detected
from an experimental movie. We observed a further underestimation of D, the more important the longer the At and/or
the bigger the D (Fig. 2); the effect is bigger than the one caused by confinement in our simulations, as highlighted by
Fig. 3 where we directly compare D, in the two cases considered until now. This additional effect has to be caused by
inaccuracies in the tracking process.

In qualitative terms, it is known that there can be more tracking errors in SPT as the particle density increases, because
of the ambiguity in the assignment of particle correspondences [8, 11, 22]. However, the effects are not quantitatively
clear (concerning e.g. the estimation of a parameter such as the diffusivity) and predictable and have a dependency
on the used tracking software [8]. Jagaman et al. observed that, as the particle density increases, so do the following
quantities: the fraction of particles with nearest neighbours closer than twice their average frame-to-frame displace-
ment; the average number of potential assignments per particle; the fraction of particles with more than one potential
assignments; instead, the average nearest neighbour distance decreases [9].

Our data highlight that, rather than a simple density intended as number of particles per unit area (kept fixed in the
simulations in Fig. 2), the focus should be on a scaled “density” relevant for SPT. The crucial parameter to be considered is
the ratio between the mean frame-to-frame displacement /4D At and the mean nearest neighbour distance that scales
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Fig. 3 Comparison of the diffusivity underestimation effects between analysis of simulated tracks and tracking on simulated positions. The
graph reports the ratio between the peak value obtained in the diffusivity distribution estimated after the analysis (D) and the corre-
sponding simulated value (D,) as a function of the latter. Results are reported for three illustrative At (as reported in the legend), in the
case of analysis on the exact simulated tracks (empty circles) and in the case of tracking on exact simulated positions (filled circles), and are
extracted from the data in Figs. 1 and 2

with the particle density pas1 /\/ﬁ (in 2D). As this ratio increases, tracking errors increase [8, 9, 19, 22]; indeed, the possible
assignments per particle are mainly established using motion information (this is typically true in tracking algorithms [8,
9]) and as the frame-to-frame displacement increases, the area in which possible connections are searched grows: the
higher the density, the more the possible assignments in this area [9]. This kind of effects causes the underestimation of
D observed in Fig. 2, due to a preference for shorter connections in the case of ambiguities, such as crossing trajectories.
We also verified that the underestimation was less severe at lower particle densities (Fig. S2). Moreover, we checked that
the observed underestimation depends only on the product of Dg and At, since the particle displacement depends solely
on this product. Indeed, Fig. S3 shows that the underestimation of D is comparable for equal Dg x At, and it is greater
for higher values of this product, as expected. Small differences within the groups are within the uncertainties, and fol-
low roughly those found also in the D ,, obtained from exact simulated trajectories; they are therefore attributable to
intrinsic variability in the simulations.

We tried to explain theoretically our observations; we found indeed that the underestimation of D can be linked to
the errors in tracking described above, but we found quantitative discrepancies between theory and results (see Sup-
plementary Note 2 and Fig. S4); this highlights the difficulty of integrating all the effects (also related to the functioning
of the specific tracking software) into a theoretical description and the importance of an empirical investigation.

Itis important to be aware of the impact of the interplay amongst particle density, diffusivity and temporal resolution
in SPT: e.g., some works showed that only diffusivities estimated in the case of motions different than pure Brownian, such
as confined or hop diffusion, can be affected by temporal resolution in single particle tracking [38, 39], but these kinds
of evaluations were performed on simulated tracks (like we do in Sect. 1) and do not take into consideration the tracking
process involved in the analysis of experimental data. So, an effect like the one observed in Fig. 3 may be misinterpreted as
the presence of these other kinds of motion if the effects due to the tracking process itself on D estimation are not known.

pea

2.4 Detection and tracking on simulated movies

In the subsequent step, we also introduced the detection phase in the analysis. First, we obtained from the simulated
trajectories the positions of all the particles for each simulation time step (1 ms). Then we simulated movies, in which
each frame image was created through a pixelization of intensity spots positioned at the determined positions with a
Gaussian point spread function, adding constant intensity background and noise to each pixel (as better described in
the Materials and Methods section). We tuned the noise parameters to create two different conditions of SNRs for each
case (see Materials and Methods, and Figs. S5 and S6). The different time resolutions At were obtained by summing sets
of consecutive frame images; in this way, we also simulated the blurring of the spots due to particles motion during
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Fig.4 Measurement of dif-
fusivity distributions after
detection and tracking on the
simulated movies with the
higher used signal-to-noise
ratio (SNR). The spot positions
used for Fig. 2 (see the cap-
tions of Figs. 1, 2 for additional
details; the used D, reported
within each graph, are
indicated by the vertical line)
were used to create simulated
movies with the background
and noise used in the case

of higher SNR (example of
images in Fig. S5). The movies
were processed through spot
detection and tracking to
measure the reported diffusiv-
ity (D) distributions

Fig.5 Measurement of dif-
fusivity distributions after
detection and tracking on the
movies simulated with the
lower considered signal-to-
noise ratio (SNR). The same
spot positions used for Figs. 2
and 4 (see the captions of
Figs. 1 and 2 for additional
details; the used D, reported
inside each graph, are
indicated by the vertical line)
were used to create simulated
movies with the background
and noise used in the case

of lower SNR (example of
images in Fig. S6). The movies
were processed through spot
detection and tracking to
measure the reported diffusiv-
ity (D) distributions
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the experimental signal acquisition. Finally, we performed the whole single-particle-tracking analysis on the obtained
movies, including both detection and tracking steps. From the reconstructed trajectories, we extracted the diffusion
coefficient distribution as discussed in the previous paragraphs.
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Figures 4 and 5 show the obtained distributions (at the lower simulated SNR for At=1 and 5 ms, the spots could not
be detected, so only the results for higher values of At were reported in Fig. 5), and in Fig. 6 we summarize the results,
reporting also the data obtained starting from exact simulated positions for a direct comparison. In this last case, the
estimate of D is equal to its true value at the shortest At and then decreases, the more and at shorter At the higher Ds.
Instead, when performing both detection and tracking, D is overestimated at the shortest At. Then, as At increases,
Dpeak first decreases approaching the true value, then for the lowest Dy it continues to decrease following the results of
tracking on simulated exact spot positions, while at higher D the trend is reversed, with a further increase in Dy, The
half width at half maximum (HWHM) of the D distribution peak is larger at shorter At, then, as At increases, it decreases
toward a minimum and then increases again; at the highest diffusivities, the HWHM decreases again for even longer At.
We have reported the HWHM/Dy, to highlight conditions in which this quantity is close to or greater than 1 causing an
important shiftin D, (see Supplementary Notes 1 and 2). Minor changes on the HWHM were instead observed in the
case of tracking on exact positions.

Introducing the detection phase, the effects connected to both static and dynamic localization uncertainty emerge,
and temporal resolution affects both of them (see also Supplementary Discussion). Indeed, as At increases, static uncer-
tainty decreases, due to better static SNR; at the same time, dynamic uncertainty increases, due to the blurring created
by particle motion during the acquisition time of each frame (so worse dynamic SNR) [40]. This increasing impact of
dynamic uncertainty is likely responsible for the reversal of the trend in the shift in the distribution of D for higher Dg
compared to the case of tracking on exact positions. Indeed, higher localization uncertainties lead to higher uncertain-
ties and broader distributions for D, causing a positive shift for D, due to the impact of the standard deviation of the
distribution on the peak position in logarithmic scale, as noted above (see also Supplementary Note 1). More importantly,
when the SNR is too low, a significant fraction of the spots cannot be detected and this will affect the tracking step: if
a spot in a track cannot be detected, there can be an erroneous link to a spot of a different track, likely more distant
(depending on temporal resolution, particle density and diffusivity), and so the diffusivity can be overestimated. Also
motion blurring can cause missed or erroneous detections (see Fig. S7): indeed, it alters the shape of the spots from the
Gaussian profile used in most localization algorithms; on one hand, motion blurring has a greater effect on the detection
of faster-moving spots and can therefore cause a bias towards an underestimation of the diffusivity, since faster tracks
cannot be reconstructed correctly; on the other hand, similarly to the case of low SNR, if some of the spots are missing,
connections longer than the true one can cause an overestimation of the diffusivity.

We highlighted the best conditions in each graph considering that it is desirable to have a peak value as close as pos-
sible to the true one and narrow distributions (for more accurate estimations and better distinction of possible different
diffusive states and heterogeneities); in most cases, these conditions are the same or almost the same when considering
the HWHM and the position of the peak value.

In general, higher static SNR allows using a better temporal resolution (lower At). Moreover, in both SNR conditions,
as D increases, a lower At is required, due to the effects of dynamic uncertainties.

2.5 Single particle tracking on p75"™® receptors

In order to test the simulation results with the conditions of real experiments, we performed single particle tracking on
fluorescently labelled p75N™ receptors observed by TIRF microscopy on the membrane of living cells (Fig. 7). Our experi-
mental conditions of SNR are similar to those used in the simulations with lower SNR; moreover, diffusivities reported
in the literature for this receptor in the cell line we used (neuroblastoma SK-N-BE(2)) are around 0.7 um?/s [26]. So, from
our simulation results (Fig. 6), optimal time resolution conditions could be approximately between ~20 and ~50 ms.
We acquired experimental movies using image integration times of 15, 20, 30, 40, 50 ms; in our setup these correspond
to frame times of 40, 45, 55, 65, 75 ms (due to the EMCCD readout time of 25 ms). Shorter frame times were not allowed
due to limitations in static SNR, and longer frame times resulted in too much photobleaching. We performed the detec-
tion and tracking analysis and then extracted the histograms of diffusivities as in the previous paragraphs (Fig. 7B). We
obtained comparable distributions for the applied temporal resolutions with a peak value of ~0.75 um?/s. We performed
simulations more similar to the experiments, with integration and frame times having the same experimental values and
setting Dg at 0.75 pm?/s (Fig. 7C). We observed a slight shift compared to the true value only for the lowest integration
time of 15 ms (likely due to a low SNR); in all other cases, the distributions are comparable and the peak is located at
the value set in the simulations. Therefore, we can confirm that we identified a range of temporal resolutions allowing a
reliable diffusivity estimation in our experimental conditions. In order to check if the Brownian dynamics approximation
we used in the simulation agreed with the experimental data, we calculated the two-dimensional distributions of the
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Fig.7 Single particle tracking experiment on p75"™® receptors fluorescently labelled on the membrane of living SK-N-BE(2) neuroblas-
toma cells and comparison with simulated results. A Experimental images from the movies recorded by TIRF microscopy; on each image
we report the integration time; frame time was 25 ms longer due to readout time. Images are shown in the same fixed grayscale; scale bar:
5 um. B Corresponding measured diffusivity distributions. Mean particle density was 0.3 um™2. Data were obtained from 2180 to 3050 tracks
for each case. C Diffusivity distribution derived from detection, tracking, and MSD analysis on simulated movies with integration, frame
times as written in the legend. Particle density was 0.3 pm~2, Dg was 0.75 um?%/s (equal to D, for all curves but the red one for which it is
0.8 um?/s). 385 tracks from 5 different simulations were used for each case. In both B and € 130-frames movies were analysed for each tem-
poral resolution. We calculated the uncertainties in the distributions [27] for both the experimental and simulation cases; some examples
are reported in Fig. S9

anomalous coefficient (see Materials and Methods section) versus the diffusion coefficient in both cases. The distribu-
tions had a similar shape for both experiment and simulation (with broader distributions in the case of the experiment,
as expected); the peak of the anomalous coefficient was close to 1, indicating the prevalence of pure Brownian motion
(an example is shown in Fig. S8, but the distributions look very similar also at higher and lower integration times).

3 Conclusions

We performed a systematic investigation of the effect of temporal resolution in single particle tracking, quantifying
its influence on position and width of the resulting distributions for diffusivities in the case of pure 2D Brownian
diffusion with a single diffusivity Ds. Despite the presence of other types of possible motions in SPT applications,
the Brownian one remains one of those of main interest, often considered first in the development and evaluation
of SPT software and analysis methods [8, 21, 41, 42].

We studied the impact of temporal resolution in the different phases of the analysis, using simulations of trajec-
tories and movies, a popular tracking software for the analysis, and introducing one step at a time.

Using exact tracks, we observed the effect of confinement on short-lag D, caused by the boundaries of a limited
area available for particles; we quantified the caused underestimation of D depending on the values of diffusivity
and time resolution, the kind of boundaries and the area dimensions. Using exact simulated positions to apply the
tracking analysis, we showed that tracking errors tend to cause a greater underestimation of D, the bigger the prod-
uct between particle density, At and D (i.e. the square of the ratio between average frame-to-frame step length and
average interparticle distance). Introducing the complete analysis (detection and tracking) on simulated movies,
we also included the impact of localization uncertainty (the higher the lower the SNR or the broader the spot blur-
ring caused by motion); we observed that it causes a broadening of the D distribution, and this causes an apparent
overestimation of its peak position at lower time resolutions and consequently lower SNR (especially when plotted,
as usually done, in a logarithmic scale); moreover, it also causes shifting of the D distribution that combines with
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previous underestimation effects and becomes prevalent for higher values of D and At. In each studied situation, we
identified the best temporal resolution conditions, i.e. the ones producing the narrowest distributions of D and with
the peak the closest to the true value, highlighting the dependency on the SNR and the diffusivity.

The optimal conditions were applied in an experimental case, i.e. single particle tracking of p7 receptors
visualized by TIRF microscopy on the membrane of living cells, in which we confirmed the reliability of results in the
identified range of temporal resolutions.

As we showed, the use of simulations allows for identifying an optimal range of temporal resolutions for the experi-
ments, anticipating if the obtainable temporal resolutions in a setup would impact the expected results (and therefore,
deciding if the experiments should be performed at all or how they can be improved), and in general avoiding perform-
ing more experiments at different temporal resolutions (being therefore a faster and more cost-effective procedure).

Our study and the implementation of the algorithms for repeating it in other situations, which we are making available,
will help to increase the awareness of temporal resolution effects on SPT and on the reliability and accuracy of extracted
quantities. Indeed, SPT is nowadays a quite popular technique, and with the increasing of its applications, the need for
studies highlighting possible experimental and analytical pitfalls and misleading interpretations of results increases as
well [21, 43-45]. For example, some studies in this direction investigated the impact of the probe on the accuracy of SPT
data, showing that some of the commonly used ones actually alter the dynamics of the molecules of interest [43, 45].
Temporal resolution is a critical parameter for SPT, which determines the observability of a process, such as important
biological mechanisms [46], and is crucially connected to spatial resolution: a compromise between the two quantities
is required [19]. In turn, spatiotemporal resolutions are connected to several experimental factors, from the choice of
the label (with its brightness and photostability properties) to the performance of the setup and the selection of excita-
tion and detection parameters [1, 10, 47]. Therefore, it is pivotal to have full awareness of the effects of the ensemble of
chosen conditions. Our kind of approach could be used to test other experimental situations in the different contexts
where single particle tracking is applied, and could be extended to other tracking software programs. Indeed, in the field
of SPT, different programs continue to be developed and testing of their performance, especially by groups different
from the developers, can provide more objective comparisons and indicate paths for more robust algorithms [8, 48, 49].
We hope that our work will contribute to a growing knowledge of the effects caused by the choice of all the parameters
involved in SPT experiments and thus help more and more researchers for the accurate and robust designing, planning
and analysis of these studies.

5NTR

4 Methods
4.1 Simulations

Simulations of diffusing molecules were performed using homemade codes in Python. In most cases, we simulated points
moving with Brownian motion within a square area with reflective boundaries (except for Fig. S1 where we also performed
simulations on a surface without boundaries and with periodic boundaries). Assuming that the area boundaries are
located at 0 and L in the x-dimension, if the calculated x, coordinate for a point is greater than L, it will become x, — Lin
the case of periodic boundaries or L—(x, — L) in the case of reflective boundaries (and analogously for the y-dimension);
if the calculated x, coordinate for a point is less than 0, it will become x, + L in the case of periodic boundaries or —x_ in
the case of reflective boundaries (and analogously for the y-dimension). Starting positions were distributed randomly
with uniform probability in the area and the displacement for each simulation time step was calculated along x and y
dimensions by a Gaussian distribution with mean 0 and standard deviation 1/2Ddt, where values of the diffusion coef-
ficient D were varied as stated in the results and figures and the simulation temporal resolution dt was set to 1T ms.

In the case of the analysis on exact trajectories, we used the tracks provided by the simulations for writing a.mat file (to
be read in MATLAB) analogues to those produced by uTrack at the end of the tracking process. The different temporal sam-
pling At was obtained by considering the positions in the track every each time step At (At=1, 5, 10, 20, 50, 100, 150 ms).

In the case of analysis on exact positions, we extracted from the simulated tracks the positions of the set of points for
each desired temporal sampling At. We produced a.mat file analogues to those produced by uTrack at the end of the
detection process; this file could be used as input for the tracking step.

In the case of analysis involving detection and tracking on simulated movies, we extracted from the simulations the
positions of the set of points for each simulated time step (1 ms). We generated movies creating intensity spots with a
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Gaussian point spread function (standard deviation along x and y 1.2 pixel =192 nm) centered at the simulated posi-
tions, adding a constant background and a Gaussian noise. Values for integrated spot intensity, constant background
and standard deviation of Gaussian noise were: 30 (£ 20% with a Gaussian distribution, corresponding approximately to
an average of 25 photons collected for each spot in 1 ms considering Poissonian uncertainty), 30 and 15 for the higher
SNR and 40 (+30%, as above, corresponding approximately to ~ 11 collected photons), 15 and 60 for the lower SNR,
respectively. We used a pixelization with a pixel size of 160 nm. We summed consecutive images of the movie to obtain
different temporal sampling. For simulating different integration time and frame time (due to simulation of the readout
time), the images corresponding to the readout times were ignored. The obtained movies were processed through uTrack
using both detection and tracking analyses.

4.2 Cell culture, receptors expression and labelling

SK-N-BE(2) (ATCC® CRL-2271™) cell lines were cultured at 37 °C, 5% CO, in DMEM/F-12 medium supplemented with 10%
fetal bovine serum, 1% L-glutamine, 1% penicillin-streptomycin. 24 h before transfection, cells were seeded on WillCo-
dish® Glass Bottom dishes (WillCo Wells). A1-tagged p75"™® receptor construct (previously described [34]) was trans-
fected without reconstruction of lentiviral particles by using Lipofectamine 2000 (Thermo Fisher Scientific) according
to manufacturer’s instructions (as previously done [50, 51]). 5 h after the transfection, the expression was induced with
0.005 pg/ml of doxycycline added in the culture medium. After 24 h, receptors were labelled by using 2 uM Sfp Synthase,
10 mM MgCl,, 10 nM of Coenzyme A-conjugated form of Atto 565 dye in the culture medium, for 15 min at 37 °C; then
cells were washed five times with PBS and immediately imaged under the TIRF microscope.
Purification of Sfp Synthase and production of Coenzyme A-dye were performed as previously described [50-52].

4.3 Total internal reflection (TIRF) microscopy

Cells were imaged under a Leica DM6000 inverted microscope (Leica Microsystems) equipped with an epifluorescence
module, DIC in transmission, Total internal reflection (TIRF)-AM module, four laser lines (405 nm, 488 nm, 561 nm, 635 nm),
HCX PL APO 100X oil-immersion objective (NA=1.47), electron-multiplying charge-coupled-device (EMCCD) camera
(iXon Ultra 897, Andor) and incubator chamber to have 37 °C and 5% CO, conditions for live-cell imaging; the resulting
pixel dimensions were 160 pm.

For each acquisition, we selected a region of interest (ROI) of 159 x 147 pixels (corresponding to 25.44 x 23.52 um?)
including the membrane of a cell expressing labelled receptors, and we acquired 130-frame time series. We used differ-
ent integration times (as specified in the results) and the frame time was 25 ms longer due to the readout time of the
camera for the used ROI dimensions.

4.4 Calculation of diffusion coefficient

On experimental movies, we first used the maximum intensity projection of a movie to identify the cell membrane (where
observed spots were moving) and we applied a mask to exclude areas outside the cell. Masked movies were processed
through detection and tracking. For tracking or detection plus tracking analysis we used the uTrack software (version
2.2.1 in MATLAB), due to its high popularity for single particle tracking in biological applications [9].

Detection and tracking parameters were optimized according to displacement and SNR conditions.

The parameters used for statistical tests for spot detection and the gap closing time window for tracking were opti-
mized depending on the SNR conditions and by visual inspection of the detection and tracking results. The search radius
lower and upper limits were scaled with the mean square displacement (depending on D and At values). The merging
and splitting option was used only when the detection phase was used (so not in the case of tracking on exact positions).
MSD analysis and calculation of the short-term diffusion coefficient D were performed in MATLAB as previously described
[14, 15, 26, 51]. Briefly, we selected tracks composed at least of 6 detected spots and 9 frames including gaps. When
the merging and splitting option was used, we extracted the subtrajectories separated by this kind of events. On the
resulting tracks, we calculated the MSD and from the slope of the line passing through the first two points we obtained
D.The distributions of D were calculated taking into account the uncertainties on D and weighting each trajectory with
the number of frames when the spots have been detected; since typical standard errors estimated for D for each trajec-
tory are usually bigger than the bin widths, the distribution results smooth, but each point in the curve representing it
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has an uncertainties; these have been calculated as previously reported [27] and some examples are shown in Fig. S9;
note that, even if not shown in all the graphs for the sake of simplicity, the orders of magnitude for uncertainties for all
the normalized distributions shown here are the same. Distributions were normalized to 1 at the peak. Peak positions
Dpeak @and half width at half maximum (HWHM) were determined from the distribution of D in logarithmic scale, as in the
graphs reported in the figures. Anomalous diffusion coefficient a for each trajectory and the combined distributions for
D and a were calculated as in [53].

Theoretical estimates for D have been calculated with the help of Wolfram Mathematica 6.0.1.0.

Author contributions CSS: Conceptualization, Methodology, Software, Validation, Formal analysis, Investigation, Data curation, Writing—origi-
nal Draft, Writing—review and editing, Visualization. SL: Conceptualization, Methodology, Software, Resources, Writing—review and editing,
Supervision, Project administration, Funding acquisition, Visualization. All authors read and approved the final manuscript.

Funding This research received funding from Scuola Normale Superiore (SNS19_A_LUIN, RICBASE_2022_LUIN, RICBASE_2023_LUIN), and
from the European Union Next-GenerationEU through the PIANO NAZIONALE DI RIPRESA E RESILIENZA (PNRR—MISSIONE 4 COMPONENTE 2)
within the National Quantum Science and Technology Institute (NQSTI — INVESTIMENTO 1.3; PE_00000023) and the Tuscany Health Ecosystem
(THE—INVESTIMENTO 1.5; ECS_00000017). This work was supported by the Open Access Publishing Fund of the Scuola Normale Superiore.

Data availability The datasets generated during and/or analysed during the current study are available from the corresponding author on
reasonable request.

Code availability The codes developed in the study are available on GitHub at: https://github.com/chiaraSchirripaSpagnolo/SPT_D_vs_dt.

Declarations

Competing interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Wang Z, Wang X, Zhang Y, et al. Principles and applications of single particle tracking in cell research. Small. 2021;17:1-15. https://doi.
org/10.1002/smll.202005133.
2. ScottS, Weiss M, Selhuber-Unkel C, et al. Extracting, quantifying, and comparing dynamical and biomechanical properties of living matter
through single particle tracking. Phys Chem Chem Phys. 2022;25:1513-37.
3. Rotter DAO, Heger C, Oviedo-Bocanegra LM, Graumann PL. Transcription-dependent confined diffusion of enzymes within subcellular
spaces of the bacterial cytoplasm. BMC Biol. 2021;19:183. https://doi.org/10.1186/512915-021-01083-4.
4. Navarro G, Cordomi A, Zelman-Femiak M, et al. Quaternary structure of a G-protein-coupled receptor heterotetramer in complex with Gi
and Gs. BMC Biol. 2016;14:26. https://doi.org/10.1186/512915-016-0247-4.
5. LeeBH,Bangs, Lee S, et al. Dynamics of axonal B-actin mRNA in live hippocampal neurons. Traffic. 2022;23:496-505. https://doi.org/10.
1111/tra.12865.
6. Conrad R, Kortzak D, Guzman GA, et al. CaV3 controls the endocytic turnover of CaV1.2 L-type calcium channel. Traffic. 2021;22:180-93.
https://doi.org/10.1111/tra.12788.
7. Lee BH, Park HY. HybTrack: a hybrid single particle tracking software using manual and automatic detection of dim signals. Sci Rep.
2018;8:1-7. https://doi.org/10.1038/5s41598-017-18569-3.
8. Chenouard N, Smal |, De Chaumont F, et al. Objective comparison of particle tracking methods. Nat Methods. 2014;11:281-9. https://doi.
org/10.1038/nmeth.2808.
9. Jagaman K, Loerke D, Mettlen M, et al. Robust single-particle tracking in live-cell time-lapse sequences. Nat Methods. 2008;5:695-702.
https://doi.org/10.1038/nmeth.1237.
10. Manzo C, Garcia-Parajo MF. A review of progress in single particle tracking: From methods to biophysical insights. Rep Prog Phys.
2015;78:124601.
11. Shen H, Tauzin LJ, Baiyasi R, et al. Single particle tracking: from theory to biophysical applications. Chem Rev. 2017;117:7331-76.
12. Gal N, Lechtman-Goldstein D, Weihs D. Particle tracking in living cells: a review of the mean square displacement method and beyond.
Rheol Acta. 2013;52:425-43.

@ Discover


https://github.com/chiaraSchirripaSpagnolo/SPT_D_vs_dt
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/smll.202005133
https://doi.org/10.1002/smll.202005133
https://doi.org/10.1186/s12915-021-01083-4
https://doi.org/10.1186/s12915-016-0247-4
https://doi.org/10.1111/tra.12865
https://doi.org/10.1111/tra.12865
https://doi.org/10.1111/tra.12788
https://doi.org/10.1038/s41598-017-18569-3
https://doi.org/10.1038/nmeth.2808
https://doi.org/10.1038/nmeth.2808
https://doi.org/10.1038/nmeth.1237

Discover Nano (2024) 19:87 | https://doi.org/10.1186/511671-024-04029-1 Research

13.

19.
20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.
39.

40.

41.

42.

43.
44,

Marchetti L, Bonsignore F, Amodeo R, et al (2021) Single molecule tracking and spectroscopy unveils molecular details in function and
interactions of membrane receptors. In: Gregor |, Erdmann R, Koberling F (eds) Single Molecule Spectroscopy and Superresolution Imag-
ing XIV. SPIE, p 20

Callegari A, Luin S, Marchetti L, et al. Single particle tracking of acyl carrier protein (ACP)-tagged TrkA receptors in PC12nnr5 cells. J Neu-
rosci Methods. 2012;204:82-6. https://doi.org/10.1016/j.jneumeth.2011.10.019.

Marchetti L, Callegari A, Luin S, et al. Ligand signature in the membrane dynamics of single TrkA receptor molecules. J Cell Sci.
2013;126:4445-56. https://doi.org/10.1242/jcs.129916.

. SavinT, Doyle PS. Static and dynamic errors in particle tracking microrheology. Biophys J. 2005;88:623-38. https://doi.org/10.1529/bioph

ysj.104.042457.
Backlund MP, Joyner R, Moerner WE. Chromosomal locus tracking with proper accounting of static and dynamic errors. Phys Rev E Stat
Nonlinear Soft Matter Phys. 2015. https://doi.org/10.1103/PhysRevE.91.062716.

Berglund AJ. Statistics of camera-based single-particle tracking. Phys Rev E Stat Nonlinear Soft Matter Phys. 2010. https://doi.org/10.
1103/PhysRevE.82.011917.

Rose KA, Molaei M, Boyle MJ, et al. Particle tracking of nanoparticles in soft matter.J Appl Phys. 2020. https://doi.org/10.1063/5.0003322.
von Diezmann L, Shechtman Y, Moerner WE. Three-dimensional localization of single molecules for super-resolution imaging and single-
particle tracking. Chem Rev. 2017;117:7244-75.

Hansen AS, Woringer M, Grimm JB, et al. Robust model-based analysis of single-particle tracking experiments with spot-on. Elife. 2018.
https://doi.org/10.7554/eLife.33125.

Jha A, Hansen AS (2022) A Protocol for Studying Transcription Factor Dynamics Using Fast Single-Particle Tracking and Spot-On Model-
Based Analysis. In: Methods in Molecular Biology. Humana Press Inc., pp 151-174

R6sch TC, Oviedo-Bocanegra LM, Fritz G, Graumann PL. SMTracker: a tool for quantitative analysis, exploration and visualization of single-
molecule tracking data reveals highly dynamic binding of B. subtilis global repressor AbrB throughout the genome. Sci Rep. 2018;8:1-12.
https://doi.org/10.1038/541598-018-33842-9.

Tinevez JY, Perry N, Schindelin J, et al. TrackMate: an open and extensible platform for single-particle tracking. Methods. 2017;115:80-90.
https://doi.org/10.1016/j.ymeth.2016.09.016.

Thoumine O, Saint-Michel E, Dequidt C, et al. Weak effect of membrane diffusion on the rate of receptor accumulation at adhesive con-
tacts. Biophys J. 2005;89:L40-2. https://doi.org/10.1529/BIOPHYSJ.105.071688.

Marchetti L, Bonsignore F, Gobbo F, et al. Fast-diffusing p75 NTR monomers support apoptosis and growth cone collapse by neurotrophin
ligands. Proc Natl Acad Sci. 2019;116:21563-72. https://doi.org/10.1073/pnas.1902790116.

Amodeo R, Nifosi R, Giacomelli C, et al. Molecular insight on the altered membrane trafficking of TrkA kinase dead mutants. Biochim
Biophys Acta Mol Cell Res. 2020. https://doi.org/10.1016/j.bbamcr.2019.118614.

Rose M, Hirmiz N, Moran-Mirabal JM, Fradin C. Lipid diffusion in supported lipid bilayers: a comparison between line-scanning fluorescence
correlation spectroscopy and single-particle tracking. Membranes (Basel). 2015;5:702. https://doi.org/10.3390/MEMBRANES5040702.
Schneider F, Waithe D, Clausen MP, et al. Diffusion of lipids and GPl-anchored proteins in actin-free plasma membrane vesicles measured
by STED-FCS. Mol Biol Cell. 2017;28:1507-18. https://doi.org/10.1091/MBC.E16-07-0536.

Knight JD, Lerner MG, Marcano-Velazquez JG, et al. Single molecule diffusion of membrane-bound proteins: window into lipid contacts
and bilayer dynamics. Biophys J. 2010;99:2879. https://doi.org/10.1016/J.BPJ.2010.08.046.

Lee J, Lee H, Kang M, et al. High spatial and temporal resolution using upconversion nanoparticles and femtosecond pulsed laser in single
particle tracking. Curr Appl Phys. 2022;44:40-5. https://doi.org/10.1016/j.cap.2022.09.002.

Wang F, Wen S, He H, et al. Microscopic inspection and tracking of single upconversion nanoparticles in living cells. Light Sci Appl.
2018;7(4):18007-18007. https://doi.org/10.1038/1sa.2018.7.

Kasai RS, Ito SV, Awane RM, et al. The class-A GPCR dopamine D2 receptor forms transient dimers stabilized by agonists: detection by
single-molecule tracking. Cell Biochem Biophys. 2018;76:29-37. https://doi.org/10.1007/s12013-017-0829-y.

Marchetti L, De Nadai T, Bonsignore F, et al. Site-specific labeling of neurotrophins and their receptors via short and versatile peptide
tags. PLoS ONE. 2014. https://doi.org/10.1371/journal.pone.0113708.

Lagerholm BC, Andrade DM, Clausen MP, Eggeling C. Convergence of lateral dynamic measurements in the plasma membrane of live
cells from single particle tracking and STED-FCS. J Phys D Appl Phys. 2017. https://doi.org/10.1088/1361-6463/AA519E.

Kusumi A, Sako Y, Yamamoto M. Confined lateral diffusion of membrane receptors as studied by single particle tracking (nanovid micros-
copy). Effects of calcium-induced differentiation in cultured epithelial cells. Biophys J. 1993;65:2021-40. https://doi.org/10.1016/S0006-
3495(93)81253-0.

Daumas F, Destainville N, Millot C, et al. Confined diffusion without fences of a G-protein-coupled receptor as revealed by single particle
tracking. Biophys J. 2003;84:356-66. https://doi.org/10.1016/S0006-3495(03)74856-5.

Saxton MJ. Single-particle tracking: effects of corrals. Biophys J. 1995;69:389-98. https://doi.org/10.1016/S0006-3495(95)79911-8.
Ritchie K, Shan XY, Kondo J, et al. Detection of non-Brownian diffusion in the cell membrane in single molecule tracking. Biophys J.
2005;88:2266-77. https://doi.org/10.1529/biophys;j.104.054106.

Deschout H, Neyts K, Braeckmans K. The influence of movement on the localization precision of sub-resolution particles in fluorescence
microscopy. J Biophotonics. 2012;5:97-109. https://doi.org/10.1002/jbio.201100078.

Michalet X. Mean square displacement analysis of single-particle trajectories with localization error: Brownian motion in an isotropic
medium. Phys Rev E Stat Nonlinear Soft Matter Phys. 2010;82:041914. https://doi.org/10.1103/PHYSREVE.82.041914/FIGURES/8/MEDIUM.
Michalet X, Berglund AJ. Optimal diffusion coefficient estimation in single-particle tracking. Phys Rev E Stat Nonlinear Soft Matter Phys.
2012;85:061916. https://doi.org/10.1103/PHYSREVE.85.061916/FIGURES/9/MEDIUM.

YuY, Li M, Yu Y. Tracking single molecules in biomembranes: is seeing always believing? ACS Nano. 2019;13:10860-8.

Wieser S, Schiitz GJ. Tracking single molecules in the live cell plasma membrane-Do’s and Don't’s. Methods. 2008;46:131-40. https://doi.
0rg/10.1016/j.ymeth.2008.06.010.

@ Discover


https://doi.org/10.1016/j.jneumeth.2011.10.019
https://doi.org/10.1242/jcs.129916
https://doi.org/10.1529/biophysj.104.042457
https://doi.org/10.1529/biophysj.104.042457
https://doi.org/10.1103/PhysRevE.91.062716
https://doi.org/10.1103/PhysRevE.82.011917
https://doi.org/10.1103/PhysRevE.82.011917
https://doi.org/10.1063/5.0003322
https://doi.org/10.7554/eLife.33125
https://doi.org/10.1038/s41598-018-33842-9
https://doi.org/10.1016/j.ymeth.2016.09.016
https://doi.org/10.1529/BIOPHYSJ.105.071688
https://doi.org/10.1073/pnas.1902790116
https://doi.org/10.1016/j.bbamcr.2019.118614
https://doi.org/10.3390/MEMBRANES5040702
https://doi.org/10.1091/MBC.E16-07-0536
https://doi.org/10.1016/J.BPJ.2010.08.046
https://doi.org/10.1016/j.cap.2022.09.002
https://doi.org/10.1038/lsa.2018.7
https://doi.org/10.1007/s12013-017-0829-y
https://doi.org/10.1371/journal.pone.0113708
https://doi.org/10.1088/1361-6463/AA519E
https://doi.org/10.1016/S0006-3495(93)81253-0
https://doi.org/10.1016/S0006-3495(93)81253-0
https://doi.org/10.1016/S0006-3495(03)74856-5
https://doi.org/10.1016/S0006-3495(95)79911-8
https://doi.org/10.1529/biophysj.104.054106
https://doi.org/10.1002/jbio.201100078
https://doi.org/10.1103/PHYSREVE.82.041914/FIGURES/8/MEDIUM
https://doi.org/10.1103/PHYSREVE.85.061916/FIGURES/9/MEDIUM
https://doi.org/10.1016/j.ymeth.2008.06.010
https://doi.org/10.1016/j.ymeth.2008.06.010

Research Discover Nano (2024) 19:87 | https://doi.org/10.1186/511671-024-04029-1

45.

46.

47.

48.
49.

50.

51.

52.

53.

Abraham L, Lu HY, Falcdo RC, et al. Limitations of Qdot labelling compared to directly-conjugated probes for single particle tracking of
B cell receptor mobility. Sci Rep. 2017;7:1-13. https://doi.org/10.1038/s41598-017-11563-9.

Kusumi A, Tsunoyama TA, Hirosawa KM, et al. Tracking single molecules at work in living cells. Nat Chem Biol. 2014. https://doi.org/10.
1038/nchembio.1558.

Schirripa Spagnolo C, Luin S. Choosing the probe for single-molecule fluorescence microscopy. Int J Mol Sci. 2022;23:14949. https://doi.
0rg/10.3390/ijms232314949.

Saxton MJ. Single-particle tracking: connecting the dots. Nat Methods. 2008;5:671-2. https://doi.org/10.1038/nmeth0808-671.
Vallotton P, van Oijen AM, Whitchurch CB, et al. Diatrack particle tracking software: review of applications and performance evaluation.
Traffic. 2017;18:840-52. https://doi.org/10.1111/tra.12530.

Schirripa Spagnolo C, Luin S. Setting up multicolour TIRF microscopy down to the single molecule level. Biomol Concepts. 2023. https://
doi.org/10.1515/bmc-2022-0032.

Schirripa Spagnolo C, Moscardini A, Amodeo R, et al. Optimized two-color single-molecule tracking of fast-diffusing membrane receptors.
Adv Opt Mater. 2023. https://doi.org/10.1002/ADOM.202302012.

Schirripa Spagnolo C, Moscardini A, Amodeo R, et al. Quantitative determination of fluorescence labeling implemented in cell cultures.
BMC Biol. 2023;21:190. https://doi.org/10.1186/512915-023-01685-0.

Durso W, Martins M, Marchetti L, et al. Lysosome dynamic properties during neuronal stem cell differentiation studied by spatiotemporal
fluctuation spectroscopy and organelle tracking. Int J Mol Sci. 2020;21:3397. https://doi.org/10.3390/ijms21093397.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

@ Discover


https://doi.org/10.1038/s41598-017-11563-9
https://doi.org/10.1038/nchembio.1558
https://doi.org/10.1038/nchembio.1558
https://doi.org/10.3390/ijms232314949
https://doi.org/10.3390/ijms232314949
https://doi.org/10.1038/nmeth0808-671
https://doi.org/10.1111/tra.12530
https://doi.org/10.1515/bmc-2022-0032
https://doi.org/10.1515/bmc-2022-0032
https://doi.org/10.1002/ADOM.202302012
https://doi.org/10.1186/s12915-023-01685-0
https://doi.org/10.3390/ijms21093397

	Impact of temporal resolution in single particle tracking analysis
	Abstract
	1 Introduction
	2 Results and discussion
	2.1 Simulation conditions
	2.2 Analysis of exact simulated trajectories
	2.3 Tracking on exact simulated positions
	2.4 Detection and tracking on simulated movies
	2.5 Single particle tracking on p75NTR receptors

	3 Conclusions
	4 Methods
	4.1 Simulations
	4.2 Cell culture, receptors expression and labelling
	4.3 Total internal reflection (TIRF) microscopy
	4.4 Calculation of diffusion coefficient

	References


