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Abstract: The development of drugs against pathogens that

cause hemorrhagic fever, such as Marburg and Ebola virus,
requires researchers to gather much information about the
virus. The accelerating of the research process is of great
interest; therefore a new algorithm was developed to analyze
intracellular processes. The algorithm will classify the
motion characteristics of subviral particles in fluorescence
microscopic image sequences of Ebola or Marburg virusinfected cells. The classification is based on the calculation
of mean squared displacement. The results look promising to
distinguish different particle tracks in active and passive
transport. The paper ends with a discussion.
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Manual analysis of the subviral particles is too timeconsuming and could lead to non-reproducible results [4].
For that reason, algorithms have been developed to detect
and track the particles automatically. The Algorithms were
presented by Kienzle et al. [5] and by Rausch et al. [6] in
previous works. They operate on fluorescence microscopic
image sequences that were provided by the workgroup of
Prof. Dr. Stefan Becker, Institute for Virology, Marburg. Flat
cells are used, so the third dimension can be neglected and
the algorithms can provide two-dimensional coordinates for
the tracked particles. The image of an infected cell with the
tracking results provided by the algorithm by Rausch et al.
[6] is shown in Figure 1.

fluorescence microscopy, movement patterns.
https://doi.org/10.1515/cdbme-2020-3038

1 Introduction
The current pandemic outbreaks show how important the
rapid developments of effective medicines are. A recent
example is the coronavirus (COVID-19) pandemic [1]. The
research demands a high amount of information to be
collected.
Over the last few years, the Ebola virus has been a big
issue. The reason for this is its high mortality rate of almost
50% [2]. In case of Ebola or Marburg viruses, an accurate
knowledge about the motion characteristics of subviral
particles in infected cells helps to understand the effects of
potenital medicines on the pathogens. Therefore, scientists of
the Institute for Virology of the Philipps-University Marburg
have developed a method to make subviral particles in
fluorescence live-cell images visible [3].

Figure 1: Real Ebola-virus infected cell recorded with a
fluorescence microscope. The green lines show the detected
particle tracks. The yellow areas indicate various
components in the cell.
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The coordinates of the tracked subviral particles are the basis
for the presented method. The particles' trajectories are
formed by the coordinates. The goal is to classify the
trajectory that is given by:
𝐫(𝒕) = [𝒙(𝒕), 𝒚(𝒕)]′
where 𝑥(𝑡) and 𝑦(𝑡) are coordinates at time 𝑡.
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2.1 Calculating the Mean Squared
Displacement
To classify objects, first the classes must be defined. The
calculation of mean squared displacement (MSD) is a
frequently used technique to distinguish molecular motion in
biological processes. Thus, it is possible to differentiate
directed from chaotic Brownian movements. [7-9]. The MSD
〈𝑟2 〉 is the mean of the squared distances from the launching
point to the locations of residence at varying times of a
particle. It is determined by:

〈𝐫𝟐 〉 = 𝟏⁄𝑵 ∑𝑵𝒏=𝟏‖𝐫(𝒕𝒏 ) − 𝐫(𝟎)‖𝟐𝟐

(2)

where 𝑁 is the count of locations of the particle, 𝐫(0) is the
initial point and 𝐫(𝑡 ) is the position at different time points
𝑡 .
The kind of movement can be derived from a regression
of the calculated MSD values (see Figure 2). In this concept
the movement patterns are classified by three models:
One of the movement types is normal diffusion
(Brownian movement). This is characterized by a linear
growth, which is modelled as follows:

〈𝒓𝟐 〉 = 𝟐𝒏 ∙ 𝑫 ∙ 𝒕

(3)

𝑛 represents the dimension of the system – here it is 2 - and 𝐷
stands for the diffusion constant.
The second type is anomalous diffusion, where an
obstacle hinders the diffusion. It is denoted by a decreasing
slope in the MSD curve. The path follows the power law:

〈𝒓𝟐 〉 = 𝟒 ∙ 𝑫 ∙ 𝒕𝜶

(4)

where α<1 is the factor for the anomaly of the movement and
2𝑛 is substituted by 4, since 𝑛 is equal to 2.
The combination of directed movement with diffusion
share (diffusion with drift) results from active transport and is
modelled as:

〈𝒓𝟐 〉 = 𝟒 ∙ 𝑫 ∙ 𝒕 + 𝒗 𝟐 ∙ 𝒕𝟐

(5)

where 𝑣 is the speed of the directional movement.
The introduced algorithm evaluates the MSD and fits the
corresponding functions to the resulting curves by using the
nonlinear least squares estimator. To save computation time,
Equation (3) has been excluded from the algorithm because it
can be substituted by (4) if 𝛼 = 1 and also by (5) if
𝑣 ∙ 𝑡 = 0. By minimizing the number of equations, a
separation into three classes is much faster and more
effective. The algorithm was coded in Python 3.7.

Figure 2: Mean squared displacement 〈𝑟 〉depending on time for
different movement types. The green curve stands for the
active transport and is described by Equation (5). The orange
plot increases linearly, which indicates diffusion. The
corresponding Equation is (3). Abnormal diffusion is defined
by Equation (4).
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2.2 Classification
To identify the kind of motion, the fits are compared to each
other and the more appropriate one is chosen. The fits are
evaluated by using the mean square error (MSE).
𝑴𝑺𝑬(𝒀, 𝒀) = 𝟏 𝒏 ∑𝒏𝒊 𝟏(𝒀𝒊 − 𝒀𝒊 )𝟐

(6)

where 𝑌𝑖 are the actual values and 𝑌𝑖 are the approximate
values. The closer the MSE is to zero, the better the fit.
In order to compare and normalize the results for the
different functions, a contrast function is used:

𝑪=

𝑴𝑺𝑬𝟏 𝑴𝑺𝑬𝟐
𝑴𝑺𝑬𝟏 𝑴𝑺𝑬𝟐

(7)

where MSE1 is the mean squared error for Equation (5) and
MSE2 is the mean squared error for Equation (4). The
resulting value is between -1 and 1, based on the type of
motion. A value around -1 is a sign of an active transport,
while a value close to 1 points to an anomalous diffusion. If
the value is nearly zero, both equations fit equally well,
which represents normal diffusion. The limits between the
three types of motion are ± 1⁄3. The values for all subviral
particles can be illustrated by a distribution function. This
allows a fast insight into the frequency of the movement
types. The particle tracks are labeled in color for their
movement type. A green color is applied to the particles with
directional motion. Undirected movement is marked yellow
for normal diffusion and red for anomalous diffusion.
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the most suitable one. Figure 4 shows the result for an
exemplary particle that is actively moving. The course of the
MSD describes the same direction as the fit created with
Equation (5). The same applies to the subviral particle that
moves with anomalous diffusion but it follows Equation (4).
This can be seen in Figure 5. If the situation occurs that alpha
tends towards 1 and v (particle velocity) towards 0, the
course of both curves is the same. This is always the case
when a diffusion movement is involved. The projection of a
particle moving in this pattern is depicted in Figure 6.

Figure 3: a) Classified tracks: The same infected cell as in Figure
1. The color-coded tracks illustrate the different types of
movement and are explained in the legend. b)
Representation of the distribution of the different types of
movement. The trimodal distribution function illustrates the
three types of movement that are present in the cell.

3 Results
The newly developed algorithm classifies the movement of
subviral particles and assigns them a color in accordance with
their class for visualization. The colored tracks are
superimposed on the image of the cell for a visual result. By
means of the colour of the track, it can be immediately
recognised with which type of movement the particles are
moving. Additionally, a frequency distribution is plotted in
combination with a multi-Gaussian kernel density estimate.
The trimodal course shows the distribution between the
prevalent movement types. An example is shown in Figure 3.
For a more detailed visualization, individual particles
can be displayed with their MSD curve. The curve is plotted
with the two possible fits and is highlighted in the color of

Figure 4: a) Selected track of a particle that moves in a directed
manner. b) Plot of the MSD curve (solid green line) of the
particle shown in a) with the possible fits that were adjusted
according to Equation (4) (dashed red line) and Equation (5)
(dashed green line). Due to the better fit of Equation (5) the
MSD curve was colored green.

4 Discussion
In this paper, a new algorithm was presented that is intended
to accelerate and simplify the analysis of subviral particles.
The basis is the calculation of the MSD which is frequently
used to classify motion of cells [7-9]. The course of the MSD
curve varies depending on the type of movement. In the
process of automatically classifying these curves, estimators
are adapted to the data points. According to the best fit, the
particle tracks are displayed in color, thus enabling quick
identification of the type of motion. The color-coded tracks
can be used to locate hotspots of a particular type of motion
in the cell. The difference between active and passive motion
could show whether a particle is untreated or treated and
therefore still healthy or unhealthy. The frequency
distributions can be particularly revealing when drugs are
added. If a medication is working and the active transport of
the subviral particles is expected to be suppressed, this can be
immediately seen from the change of the frequency
distribution.
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Figure 6: a) Close-up of a particle whose shape suggests
diffusion. b) Plot of the MSD curve (solid yellow line) of the
particle shown in a. The two fits have the same course.
Figure 5: a) Close-up of a particle whose shape suggests
anomalous diffusion. b) Plot of the MSD curve (solid red line)
of the particle shown in a) with the possible fits.

Examining the results, it is noticeable that some particles
change their mode of motion. The division into different
phases could be useful to determine the estimated time and
location at which the directional particles change their
motion type and only move by diffusion. In further work,
methods to divide motion patterns into phases will be
investigated. Additionally, the classified traces will be
validated by experts. For this purpose, the traces are
classified by experts and the results are compared with those
of the algorithm to verify our approach.
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providing the fluoroscopic image sequences in order to
develop and test our methods.
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