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Abstract—The search for biomarkers of psychiatric disorders
is an important area within translational psychiatry, as these
biomarkers could potentially be transferable to humans. Research
in this area involves observing behaviour of the animal under
different experimental conditions (e.g. after application of a
drug). Although a wide range of such experiments are conducted,
there is little existing software dedicated to the analysis of the
resulting data. In this work, a new method for quantifying rodent
behavioural data is attempted, by applying existing research on
the discovery of frequent patterns (’motifs’) in time series data.
These patterns are then interpreted as features to be used for
classification, in order to compare the results to existing methods.

I. INTRODUCTION

A. Translational psychiatry

In medical research, the term ’translation’ refers to the pro-
cess of transforming basic scientific research into medical ap-
plications with public impact [1] [2]. Translational psychiatry,
then, is the field focused on the transformation of psychiatric
discoveries into medical practices and treatments [3]. Within
this field, a major area is rodent behavioural research, which
looks for predictors of psychiatric disorders in animals (e.g. the
amount of grooming displayed by an animal). If such so-called
biomarkers are found, new directions for research into possible
treatments could be opened up. If a successful treatment for a
psychiatric disorder is found in rodents, it might prove to be
transferable to humans. In this way, rodent experiments have
been used to study a great number of highly prevalent cognitive
disorders, including schizophrenia, depression, bipolar disorder
[4], as well as anxiety and autism [5].

B. Open field experiments

One commonly used paradigm of rodent research in trans-
lational psychiatry is the open field experiment [6]. In this
type of experiment, the animal is placed in a constrained
environment which they are free to explore. The behaviour of
the animal is recorded and then analysed. The characteristics
of the environment differ between experiments. A common
setup includes a well-lit circular, square or rectangular area,
bounded either by insurmountable walls or deep gaps. Often
objects will be present in the environment to provoke the
animal’s interaction, such as platforms or tunnels. The open
field paradigm is used primarily for measuring anxiety and
sedation, and the reaction of a subject to a stressful situation
[6].

Fig. 1: A rat exploring an open field, from [8], used with
permission. This image also clearly shows the marked areas
that are sometimes used to measure the animal’s horizontal
locomotion. Image courtesy of Noldus Information Technology
(www.noldus.com).

Fig. 2: An example of a video tracking system, showing a
square open field and a video camera in position to record the
rodent’s behaviour. From [9], used with permission.

The animal’s behaviour can be recorded in multiple ways.
Commonly recorded variables include horizontal locomotion
(based on a count of transitions between marked areas within
the field, Figure 1), vertical activity (based on the animal’s
rearing and leaning behaviour) and more detailed behaviours
such as grooming [6]. Automated systems now to record all
of the necessary variables with high precision and flexibility
[7], for example by recording the animal using a video camera
and processing the resulting footage with specialised software,
resulting in the required variables. This setup is exemplified in
Figure 2.
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Often a contrasting experimental design is used in con-
juncture with the open field paradigm. In such experiments,
the available animals are divided into multiple groups, with
each group being treated differently in some way. Differences
in observed open field behaviour between groups can then
be conjectured as resulting from the difference in treatment.
Common examples of differences in treatment include changes
to the objects in the open field, differences in the amount of
food consumption prior to the experiment, or the injection of
different drugs prior to the experiment [10].

In order to accurately describe the differences in behaviour
between groups, some way to quantify the behaviour is needed.
This project focuses on the creation of such a quantification
method, based on some constraints and goals. The evaluation
of the method happens by applying it to a given dataset of
rodent behaviour in the open field.

C. Text structure

This thesis is structured as follows. First, some more
background about the project is provided (Section II), followed
by a description of the raw experimental data used in the
project (Section III). Then, the methods for data cleaning
and preparation are described (Section IV-A), followed by the
methods for data augmentation (Section IV-B). Then, the meth-
ods for the actual feature extraction are introduced (Section
IV-C). The parameters of the algorithm are then described in
detail (Section IV-D). Following this, a possible method for
comparing the results of the given feature extraction method
to other methods is presented (Section IV-E). Next, the results
of all presented methods are given (Section V). Finally, the
results are discussed (Section VI).

Note that sections IV-A, IV-B, IV-E, V-A, V-B and V-F
describe work that was done in collaboration with Jesse
Zwamborn.

II. BACKGROUND

A. Quantification of rodent behaviour

A large number of open field experiments are performed
in laboratories all over the world, yielding large amounts of
behavioural data [11]. Although software exists to extract the
raw behavioural variables from video footage, little has been
done to automate the further summarisation, description and
analysis of the resulting data [11]. One existing technique
involves the detection of T-patterns, which are simplified
repeating sequences in the data [12]. However, this method
can be fragile and sensitive to spurious patterns, because the
it involves a large number of significance tests, increasing the
risk of false positives [13]. Given this gap in availability of
existing software, there is an opportunity to explore new ways
of quantification of rodent behaviour, in order to facilitate
the interpretation of experimental results and open up new
opportunities for creating behavioural biomarkers of cognitive
disorders.

The goal of this project is to devise such a new method for
quantifying rodent behaviour, while avoiding the shortcomings
of existing methods if possible. In an attempt to formalise
the construction of this new method, some definitions will
be made. A quantification method is defined in Equation 1

as a function Q, mapping an animal’s open field behavioural
data d to a sequence of numbers which should quantify its
behaviour. The animal’s data d is an element of a dataset D
which contains the data from all open field recordings in a
particular study. The data d can have any structure, however
that structure is presumed to be the same for all d in D, and the
structure is assumed to have some definable size. The resulting
sequence of numbers f1, f2, . . . , fn is referred to as the feature
vector corresponding to the input data, because of its parallels
and uses in machine learning (Section IV-E). The length of the
feature vector, and the interpretation of its elements, is constant
between animals for any given quantification method.

Q(d ∈ D)→ {f1, f2, . . . , fn} (1)

To aid in finding a successful quantification method, the
following sections propose some desired characteristics such
a method.

1) Conciseness: The conciseness of a quantification
method is determined by the length of the resulting feature
vector relative to the size of the input data. Since one purpose
of a quantification method is compression, smaller feature
vectors are preferred over larger ones. Note that the value
described in Equation 2 does not depend on the choice of
d because of the restrictions described in the previous section.

conciseness(Q) =
|d|
|Q(d)|

for any d ∈ D (2)

2) Accuracy: A quantification method which yield similar
features for subjects which are known to behave similarly, and
dissimilar features for subjects which are known to behave
dissimilarly, can be seen as highly accurate. A formal sketch
of this idea is given in Equation 3, under the assumption of an
optimal method Q. One practical way to assess the accuracy
of a quantification method is through a prediction study: obtain
the classification performance of a classifier trained and tested
on a certain dataset, by using the features yielded by the
quantification method. This technique is explored in Section
IV-E.

accuracy(Q) =
∆Q(d)

|∆Q(d)−∆Q(d)|
(3)

3) Dataset generality: Preferably, the feature vectors pro-
duced by a quantification method are not only comparable to
other feature vectors from within the initial dataset, but also
to feature vectors from similar datasets in the same problem
domain. In other words, the quantification method does not
facilitate overfitting. Again, a practical approach to this mea-
sure employs a classifier, trained and tested respectively on two
different datasets from the same domain. The beginnings of a
formal definition for dataset generality are given in Equation
4, with elements d and e from some datasets D and E in the
same problem domain and Q an optimal quantification method
for the domain.
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∆Q = |Q(d)−Q(e)| (true difference)

∆Q = |Q(d)−Q(e)| (observed difference)

generalityd(Q) =
∆Q

|∆Q −∆Q|
(normalised fitness)

(4)

4) Problem generality: A different kind of generality that
should characterise a quantification method concerns the ap-
plicability of the method to different problem domains. Some
quantification methods may produce features based on a very
specific behaviour displayed by the animal in the given data.
Such features would not be useful when transferred to different
problems where this behaviour is not relevant. An example is
a behavioural feature that is based on observing the animal’s
anxiety - this is useful when analysing a dataset resulting from
an environment where animals are anxious, but not useful in
the case of a dataset which contains no signs of anxiety.

Since this characteristic is highly dependent on the nature
of the problems, it is difficult to formalise. However, a practical
test using classification performance is possible, given datasets
from two different problem domains.

5) Interpretability: A quantification method which yields
features that have an intuitive explanation in the original
data, rather than consisting of symbols that have no obvious
behavioural meaning, is highly interpretable. An example of
a feature that is likely difficult to interpret would be a basis
vector yielded by Principal Component Analysis [14] on a
particular set of data. An easily interpretable feature would
be the sinuosity of a time series - the degree to which the
time series is similar to a sine function. Interpretability is an
important characteristic of a quantification method, especially
in a translational context such as the open field.

Unfortunately there is no obvious rigorous way to assess
the interpretability of a quantification method, and it is not
the purpose of this project to find one, so the relative inter-
pretability of quantification methods will be assessed based on
common sense.

B. Method types

Given these five criteria, some assessment of the space of
possible quantification methods can be made. Four major types
of methods are considered, as described in the next section.
For each method, the four criteria as given in Section II-A are
evaluated. A non-rigorous evaluation of the criteria is given in
Table I, serving to give some indication of comparison between
the methods. These evaluations are visualised in Figure 3.

1) Full data: One trivial solution is to use the the full data
as a quantification, without processing it into defined features.
Although this quantification is fully accurate, the problem with
this approach is the size of the feature vector, which would be
equal to the length of a single session, as well as the method’s
propensity for overfitting and the difficulty in interpreting the
features.

2) Mathematical descriptions: Another possibility involves
a feature vector consisting of abstract mathematical descrip-
tions of the data, for example the means and variance of the
data, or slightly more involved measures such as sinuosity

Fig. 3: Visualisation of the measures of quantification method
characteristics as given in Table I.

or spectral density. Although this results in a much shorter
feature vector, as well as increasing interpretability, it becomes
more difficult to create features which are also generalisable
to different problems.

3) Behavioural descriptions: To increase interpretability,
features may be based on known key behaviours of the an-
imals rather than abstract mathematical properties 1. However,
although it is quite possible to conceive of behavioural features
that are suitable for a certain problem (for example involving
the notion of a home base [16] or grooming behaviour in quan-
tification of OCD) it is not certain to what extent these features
will transfer to different problems, for example quantification
of anxiety.

4) Pattern discovery: Finally, there is the option of gen-
eral pattern discovery in the movement data. Although some
assumptions are made about the type of data that is presented,
pattern discovery methods are highly general both over datasets
and over problems, at a loss of interpretability compared to
more specific behavioural descriptions. Given the need for
generality, this type of quantification method is the most
promising, and a method of this type will be explored in this
project.

C. Existing pattern discovery methods

Having chosen pattern discovery as the type of quantifica-
tion method to explore, a suitable method of this type must
be found. The previously mentioned T-pattern quantification
method may be typed as pattern discovery, so it might seem
suitable for application in this project. However, as also
mentioned, it has some shortcomings. Some specific problems
with the T-pattern method will be discussed in this section, so
that the new method may avoid them.

Before extracting T-patterns, the open field is divided into
a grid of zones (usually 5 by 5, Figure 12) and all instances
of the subject transitioning from one zone into another are
recorded. This sequence of transitions is then used by the T-
pattern algorithm to discover patterns.

1This method is featured prominently in Jesse Zwamborn’s thesis [15].
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TABLE I: Non-rigorous categorisation of quantification method types.

Method type Conciseness Accuracy Dataset Generality Problem Generality Interpretability Example

Full data low high low high low N/A
Mathematical descriptions high medium high medium medium Variable means and variances
Behavioural descriptions high high high low high Jesse Zwamborn’s project [15]

Pattern discovery medium high high high medium T-patterns

Fig. 4: Proportion of visits to each T-pattern zone in the
’2014’ dataset (Section III), significantly non-uniform as per
the Kolmogorov-Smirnov test (p < 0.05). This distribution
would be uniform if the assumption made in dividing the open
field into a uniform grid was correct (Section II-C).

One issue with the T-patterns method is the apparent
assumption that all areas of the open field are equally likely
to be visited. In reality, the opposite is true: some areas are
visited far more often than others (Figure 4). The subject
spends more time within these more popular zones and as such
more behaviour occurs within them. However, this detailed
behaviour is lost because the zones are equally spaced. At the
same time, some zones are barely or never visited. A possible
improvement might be a zone size based on popularity, such
that all zones are visited equally often. This way, detailed
behaviour can be captured, and there are no spurious, rarely
visited zones.

Another issue with the T-pattern method is the fact that
zone transitions are computed with no regard to the temporal
relation between crossings. That is, the time that a subject
spends within a zone is of no consequence, only the order
in which zones are visited counts. This is problematic as this
prevents distinction between behaviours where timing is of
importance (e.g. spending time near an object as opposed to
just passing by it). In essence this problem is caused by the
fact that the T-pattern method performs only spatial and no
temporal segmentation.

Finally, the T-pattern method only uses the absolute po-
sition of the subject, and does not account for such things
as objects in the open field or the animal’s distance to the
boundary. As such, behaviours that depend on the relative
location of these features cannot be detected using T-patterns.
If the location of an object changes, for example between

Fig. 5: The shape of the open field area and the positions of
the four fixed objects. Note the fisheye effect visible in the
shape of the boundary, caused by the video camera (Section
IV-A2).

subjects, the T-pattern method cannot discover a pattern if both
subjects display the same behaviour relative to the object but
in different absolute positions.

In an attempt to overcome these problems, a different quan-
tification method, not commonly applied to rodent behaviour,
will be explored in Section IV-C.

III. MATERIALS

The Donders Institute Translational Psychiatry lab led by
Dr. J. C. Glennon provided four datasets for use in this project,
originating from experiments in two locations (Nijmegen and
Utrecht). Each of these datasets contains data from an open
field experiment on rats. Although differing in some details
(Section IV-A), the open field set-ups used in the experiments
are the same: a walled, square area containing four small fixed
objects (cubes or cylinders) to encourage exploration (Figure
5). The four datasets are referred to as the 2013, 2014, 2016
and Utrecht datasets.

As defined earlier, each dataset D contains multiple data
elements d, each from as single open field session. The same
animal is recorded in multiple open field sessions, which take
place days or weeks apart from each other. For example, in
the 2014 dataset, 12 different animals were recoreded, and
each was given 13 sessions in the open field, for a total of
156 recorded sessions (|D2014| = 156). In all datasets, animals
were in the open field for 30 minutes per session (unless cut
short).

All originating experiments sought to explore the effect
of the psychoactive drug quinpirole on the behaviour of rats,
specifically its effect on biomarkers of obsessive-compulsive
disorder (OCD). OCD is a mental disorder characterised by in-
trusive repetitive thoughts and behaviours [17], and quinpirole
has been already been reported to induce behaviours associated
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Fig. 6: Plots showing the movement of a rat (X centre and
Y centre variables) in a single session over time and through
space. All data is from the 2014 dataset. The lower left spatial
plot corresponds to the temporal plot above (rat 109, session
4). The lower right plot originates from rat 113, session 1.

with OCD in rats [18]. To this end, within each dataset,
the animals are divided into at least two groups based on a
contrasting design. Prior to some or all open field sessions, the
animal received an injection based on their group assignment.
In most datasets, the animal either received an injection con-
taining quinpirole or a placebo injection containing only saline
(salt water). One dataset additionally contains a third group, in
which animals received an injection containing memantine, an
NMDA receptor antagonist that is associated with reduction in
OCD behaviour [19].

The animal’s behaviour in the open field was recorded by
an overhead video camera as described in Section I-B. The
resulting footage was then processed by the video tracking
system Ethovision from Noldus IT [20], which produced
multiple time series for each 30-minute session, representing
different variables describing the raw data (Table II). The set
of available variables is represented here by V . The collection
of time series resulting from processing a session’s video
footage corresponds to a single d in D (Equation 5). Some
visualisations of parts of the data can be found in Figure 6.

d ∈ D = {dv | v ∈ V } (5)

IV. METHODS

A. Data preparation

It was found that the experimental data contained miss-
ing values, non-uniform structure, redundancy and anomalous
data. For each of these problems, a solution is proposed in the

Fig. 7: The two images illustrate the issue of missing values
that have a spatial nature. The image on the left shows a single
session from the 2013 dataset (rat 32, week 2) that suffers
from the problem. A large area to the centre left of the open
field is devoid of paths. All encroaching paths are cut off at the
boundary of the area. The image on the right shows an overlay
of all sessions in week 2 from the 2013 dataset, with each
animal a different colour. The gap, although less pronounced,
is also visible here, showing that it is a structural problem.

following sections. Most solutions involve disregarding parts
of the original data, but enough data remains to support the aim
of the project, especially after augmentation (Section IV-B).

1) Missing values: The available datasets were incomplete
in multiple ways. Firstly, some sessions were completely
missing. Secondly, some sessions were cut short, presumably
as a result of problems occurring during the experiment.
Lastly, some data was missing within experiments, leading
to long contiguous periods missing data within a session.
Specifically, some gaps have a spatial nature: they recur in
multiple sessions, always at the same area in space (Figure
7). In sessions affected by these kinds of gaps, whenever
the subject passes through the affected area, a temporal gap
in the data occurs. Since the spatial form of these gaps is
roughly elliptical, these kinds of gaps are most likely caused
by shadows or highlights on the surface of the open field.
These features are thought to be problematic for the computer
vision software determining the subject’s position, causing the
missing values as seen. The effect is less prominent in the
X centre and Y centre variables, with most missing values
occurring in the other X and Y variables.

Multiple solutions to these problems were considered, most
prominently either generation of new data to fill the gaps
or complete removal of sessions containing missing data. It
was determined that generation of new data was a difficult
problem, especially considering that this would require prior
characterisation of the existing data, while characterisation is
just the point of the project. Hence it was decided to remove all
sessions containing any missing data. The focus of the project
was also put on those variables which contain the least missing
values.

2) Non-uniformity: The data displayed problematic non-
uniformity between and within datasets, causing problems
when comparing data points. For example, the scale and ori-
entation of the coordinate space might differ between datasets.
These problems can largely be attributed to differences in
camera position and angle at the time of recording. Because
of perspective and lens distortion effects, these camera pa-
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TABLE II: Descriptions of variables contained in the data.

Variable Unit Description

Trial time seconds time since the animal was introduced into the open field environment
Recording time seconds time since the video recording was started

X centre centimetres x-coordinate of the animal’s centre
Y centre centimetres y-coordinate of the animal’s centre
X nose centimetres x-coordinate of the animal’s nose
Y nose centimetres y-coordinate of the animal’s nose
X tail centimetres x-coordinate of the animal’s tail
Y tail centimetres y-coordinate of the animal’s tail
Area square centimetres the amount of area covered by the body of the animal

Areachange square centimetres the amount of body area that does not overlap with the body area of the previous measurement [21]
Elongation a measure of how much the animal stretches its body out, between 0 and 1
Direction degrees the direction the animal is facing

Fig. 8: An overlay of all movement data for all sessions from
datasets 2013 and 2014. Although the locations of objects and
boundaries are aligned between sessions within datasets, there
is a clear difference in these locations between datasets, as
can be seen by the displacement effect in the image. The
projections from the two datasets have been translated and
rotated to achieve a best fit, but even so the difference is clear.

rameters have a large effect on the shape of the open field
as projected into two-dimensional space. Although within any
single session the camera is stationary, these effects cause
problems when attempting to compare between sessions and
datasets where the camera parameters differ (Figure 8). For this
reason, only a single dataset is used for the project, namely
the dataset which contains the largest number of sessions, and
also happens to display uniform camera parameters between
sessions.

An additional problem is caused by the fisheye effect that

is visible in many figures in this text, for example Figure 5. An
almost unpreventable effect of using a video camera, it causes
the recorded footage to become warped. Since the analysis
software Ethovision does not take this issue into account, the
resulting data is also warped. Although the severity of the
effect on further data analysis is not obvious, it would be
good to try and revert the warping effect in the resulting data.
However, that has not been attempted in this project.

3) Anomalies: Throughout the sessions, some anomalous
data can be found, which take the form of sudden jumps
seemingly made by the subject over large distances from one
location to another (the ’teleportation effect’). Sometimes these
anomalies even seem to transport the subject to locations
outside the regular bounds of the open field (for example
Figure 7). These jumps almost always come in pairs, where
the subject is transported to an anomalous location and then
transported back to the original area after a fraction of a
second. It seems that these anomalies can be attributed to
errors made by the computer vision software when extracting
the movement data from the raw video footage. Anomalies
may be detected by looking for position deltas between two
adjacent time points that would be impossible for an actual
rat to accomplish. Assuming a top speed of 9.6 km/h for rats
[22], 93 such deltas occur in the 2014 dataset (0.002% of all
time points), an order of magnitude less than the 2013 dataset.

One elegant solution to the problem of anomalies would be
to detect the anomalies, remove the data between two instances
of ’teleportation’ so that the period of anomalous movement
is no longer present, and then reconstruct the missing values.
However, as discussed in Section IV-A1, the generation of
new data is its own difficult problem. It was chosen that the
problem of anomalous data be ignored because only such a
small percentage of all data is affected.

4) Redundancy: Since the original data contains a large
number of variables, some of which describe phenomena that
seem closely intertwined, it was speculated that there was a
large amount of redundancy in the data. For example, the
location of the subject’s head should be largely predictable
from the location of the subject’s torso. If this is the case, it
might be possible to remove certain variables from the data,
without losing any descriptive power with regards to the final
features.

To investigate this thoroughly, the pairwise correlations
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between all of the variables in the complete dataset 2 are com-
puted, yielding measures of the extent to which each variable
could be predicted from each of the others. Additionally, the
statistical significance is determined, in order to support its
validity.

To calculate the correlation of any two variables v, w ∈ V ,
Pearson’s r(v, w) was used, after which the incomplete beta
function was used to estimate the significance p(v, w) [23].

Given these, we may define the notion of a significantly,
highly correlating pair of variables v and w, given some
threshold correlation ṙ and threshold p-value ṗ (0.95 and 0.05
were used respectively in this case), as formalised by the
boolean function R in Equation 6.

R(v, w) = r(v, w) ≥ ṙ and p(v, w) ≤ ṗ (6)

Going further, the set of variables can be pruned so that
only those variables remain which do not significantly, highly
correlate with any earlier variable. Given two variables v, w ∈
V , the variable w is ’earlier’ than v (w < v) if w precedes v
in the standard order of variables as used in Section III. The
resulting set of variables V ′ is defined in Equation 7.

V ′ = {v ∈ V | ¬∃w∈V w < v and R(v, w)} (7)

This pruning technique ensures that out of all sets of inter-
correlating variables, only one remains, namely the first in the
order as defined.

B. Data augmentation

Given the ultimate intent of creating a quantification
method and evaluating it using classification, it is important to
have sufficient data points for effectively training a classifier.
Since the data undergoes significant reduction as part of
the methods described in Section IV-A, the possibility of
data augmentation was considered. In machine learning, data
augmentation is the process of extending the available data to
be more multitudinal or vibrant, before using it as input for
learning algorithms [24].

Several approaches exist to data augmentation. One com-
monly used method involves the creation of new data with
the same characteristics as the original. However, as noted
in Section IV-A1, generating synthetic open field data would
require research of a scope that is beyond the current project.
Instead, an approach is used that extract more data points from
the available data.

Given that each session is reduced to a single data point
(set of features), the amount of data points is equal to the
amount of sessions. However, the fact that each session is half
an hour in length can be exploited, since the features which
indicate the class of a session may be observable within far
less than half an hour. Thus, perhaps it is valid to split each
session into a number of segments, which can then all be used
for feature extraction, yielding a larger number of data points
than before.

2That is, what is left of the dataset after previous pruning steps.

Fig. 9: A visualisation of the trade-off between the length
of the data in each segment, and the number of segments.
Compare with the images in Figure 6, which definitely lend
themselves to making some statement about the behaviour of
the animal, whereas the above image (showing a very small
segment of an open field session) simply has too little features
to use for describing behaviour.

It it not obvious what is the right number of segments to
split each session into. Intuitively it seems clear that if the
sessions are split into too many segments, each segment will
be so small that all features are lost. However, the smaller the
segments are, the more data points are yielded. Thus, there is
a trade-off between the length of the data in each segment,
and the number of segments (Figure 9).

Two methods for determining the optimal segment size
are evaluated. The first method is based on the variance of
the data in a segment as the segment size changes. As the
segment size decreases, the variance in the data must decrease
also. The significance of this decrease from the original can
be calculated, and based on this a segment size can be chosen
that is as small as possible while not displaying a significant
difference in variance from the original size.

The second method for determining the optimal segment
size makes use of existing literature. Many rodent experiments
involve measuring the frequency of certain behaviours dis-
played by the animal, such as grooming or marble-burying.
If the frequency of such behaviours can be determined from
the literature, especially with regards to OCD behaviour, then
this would be a good indication of how small segments can
be while retaining the possibility to detect these behaviours in
each segment.

C. Quantification method

Once data has been prepared and augmented, the feature
extraction process can be started. An existing method, k-
motifs, is employed to find recurring patterns in the data.
This method involves two algorithms: Symbolic Aggregate
Approximation (SAX) and Sequitur grammar induction. Al-
though k-motifs successfully yields frequent patterns from a
time series, it does not create feature vectors that can be used
to compare multiple time series, so a conversion strategy must
be devised. Additionally, while patterns in raw movement data
are useful, even more patterns may be found by exploiting the
animal’s position relative to different aspects of the open field.
Finally, k-motifs produces a very large amount of patterns, so
to ensure the conciseness of the quantification method (Section
II-A1), some subset of these must be selected to be uses in
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the final feature vector. A schematic representation of the full
quantification method is given in Figure 10. All of these topics
will be discussed in the following sections.

1) k-motifs: In an effort to address the problems with T-
patterns, a different pattern discovery algorithm was sought.
After exploring several potential methods, a method was se-
lected that seemed the most suitable and promising for the open
field data data quantification problem. This method, called k-
motifs, efficiently detects and describes recurring patterns in
time series data [25] [26].

It does so in two parts. The first part, Symbolic Aggregate
Approximation (SAX), segments the data both in the temporal
domain and in the value domain. The second part, grammar
induction using Sequitur, finds patterns in the resulting approx-
imation by constructing a hierarchical grammar. These parts
are covered individually in the following sections.

2) Symbolic Aggregate Approximation (SAX): The SAX
algorithm takes a real-valued time series x and discretises it
[27], starting by slicing the values into segments of size w. For
each segment, the values contained within are averaged. This
results in a new time series t of length |x|w . Next, the range
of the values is divided into a number α of bins which are
represented by the lowest value in the bin. Additionally, the
bins are given unique identifiers (in this text they are numbered
0 through α − 1 using the ordering of the bins). Then, each
value in t is replaced by the identifier of the bin to which is
belongs - that is, the highest bin whose lowest value is lower
than the given value in t. The result is an approximate symbolic
representation of the original time series. This transformation
is formalised in Equation 8. An example segmentation can be
seen in Figure 11.

SAX(x,w, bins) =
[
i for p in [0, 1, · · · , |x|

w
− 1] s.t.

binsi ≤ Σpw≤j<(p+1)w
xj
w
< binsi+1

] (8)

Note that if x is not divisible by w, x is padded with the
last value of x until it is divisible by w.

The bins that are used to divide the value range are chosen
as percentiles of a normal distribution with mean and standard
deviation equal to the input data. Assuming normal distribution
of the input data, this ensures that each value in t is equally
likely to be in each bin, and thus that each output symbol (0
through α − 1) occurs equally often. This can be observed
in Figure 11, where α = 4, and four bins can be seen that
divide the value range into four equiprobable regions centred
on the mean of the data. Note that, for any considered variable
(such as the animal’s x position), the bins are precomputed
using all data for that variable, so that all animals will use the
same bins for that variable. If bins were computed per-animal,
output sequences would be incomparable. An example set of
bins, computed for all two-dimensional positional data in the
2014 dataset, can be seen Figure 12.

By using bins based on a normal distribution parameterised
on the data, rather than equal-sized bins, the proportion of
visits to bins is expected to become more uniform. This may
be evaluated by comparing the entropy of the visit counts, with
a higher entropy meaning a more uniform distribution.

TABLE III: Example grammar as may be produced by Sequitur
for the input sequence a b c a b d a b c a b d, showing rules,
expanded sequences and occurrence counts. Note that S, 1 and
2 are used as non-terminal symbols in this example.

s R(s) expanded c(s)

S → 1 1 a b c a b d a b c a b d 1
1 → 2 c 2 d a b c a b d 2
2 → a b a b 4

The discrete approximation of values is necessary as a first
step, since this will allow for similar sequences of values to
be identified as such, by the fact that their approximation is
the same.

3) Grammar induction using Sequitur: Sequitur is an al-
gorithm for inducing a hierarchical grammar from a given
sequence of symbols, thereby compressing the input to a
smaller representation [28]. A grammar is defined as a set of
rules, each of which maps a non-terminal symbol to a sequence
of terminal or non-terminal symbols. One special ’start’ rule
exists which defines the initial non-terminal symbol (S in
this text). By recursively ’expanding’ non-terminal symbols
into their corresponding sequences, the original input sequence
can be reconstructed. An example of an output grammar is
given in Table III. The symbol-to-rule mapping is given by
R : symbol→ sequence.

Given a grammar, the occurrence count c(s) of a non-
terminal symbol s can be found recursively by summing up
the occurrence counts of the rules that the non-terminal symbol
occurs in, with the occurrence count of the start rule being 1
(Equation 9). The occurrence count of a rule indicates how
frequently the corresponding expanded sequence occurs in the
input. This is the part of the grammar that will be used in
the quantification method. For example, in Table III, the most
frequent sub-sequence (longer than 1 symbol) is a b, as it
occurs four times in the input.

c(s) =

{
1 if s = S∑
t | s∈R(t) c(t) otherwise

(9)

The Sequitur algorithm constructs a grammar from the in-
put sequence by processing input symbols sequentially, adding
them to the grammar one by one, while maintaining two
important properties of the grammar.

digram uniqueness The first property says that no pair of
symbols (terminal or non-terminal) occurs more than once
in the grammar. If a situation arises where the same pair
of symbols occurs twice, a new rule is created mapping
a non-terminal symbol to this sequence of two symbols,
and the two occurrences of the pair are replaced by the
new non-terminal symbol. This property ensures that the
grammar is compressed as new repetition is found, and
also gives rise to the hierarchical structure of the grammar.

rule utility The second property says that every rule is used at
least twice. Because of the digram uniqueness property,
it may happen that a pair consisting of a non-terminal
symbol and another symbol is condensed to a new rule.
This causes the non-terminal symbol’s occurrence count
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Fig. 10: Schematic visualisation of the new quantification method based on k-motifs. The process starts with the supplied dataset
(1), containing movement data from multiple open field sessions. Each of these sessions is then transformed into multiple spatial
relations (2). For each spatial relation, the SAX bins are computed, using the parameter α (3). The spatial relations are then
separated based on the class of the session (4). For each class, every data point is processed using k-motifs, using the parameter
w and the SAX bins computed earlier (5). For each data point, this results in a set of motifs, and all motifs of a class are
gathered into a list. The motifs are sorted according to some measure of interest, which is parameterised as I , and then some
amount, parameterised as k, of top motifs is chosen to represent the class (6). The top motifs from each class are then combined
to create the final set of motifs (7). These can then be used to create a feature vector for any data point (from the original data
or otherwise), by counting the amount of times each motif occurs in the data point (8).



Fig. 11: A visualisation of the SAX algorithm. The real-valued input data is shown in black, which may be a near-continuous
sequence. In this example, w is such that the input is divided into segments of 1.2 time units. The mean of the data in each segment
is taken to produce the approximation sequence, shown in green. Finally, for each mean the corresponding bin is determined.
In this example, there are four bins (α = 4) shown to the right and delineated using dotted red lines. The normalising nature of
the bin distribution can be observed. The final output in this example is 2 0 3 1 2.

to drop by one, which may leave this as the only occur-
rence of the non-terminal symbol. In this case, the rule is
removed, and its non-terminal symbol is replaced by the
corresponding sequence. This property not only ensures
that no useless rules (with only one occurrence) exist,
but also allows for the formation of rules longer than two
symbols, which would otherwise not be possible.

By maintaining these properties, and using the proper data
structures, the Sequitur algorithm runs in linear time in the
length of the input sequence [28]. The output grammar can
then be used to determine the relative frequency of sub-
sequences by their occurrence count, so that they may be used
in the quantification method.

4) Feature vectors: The k-motifs method, using SAX and
Sequitur, yields frequent motifs for a certain time series,
which may be used to characterise and give insight into
rodent behaviour. However, these motifs are not suited for
classification since they do not take the form of a feature
vector. Specifically, there is no obvious comparison between

motifs from different time series.

To resolve this issue, the following method is used in this
project. Given a set of time series which are to be turned
into feature vectors, first find the k most interesting motifs
(defined hereafter) for the complete dataset, called Mk(D)
(Equation 10). This set represents those motifs that are most
interesting throughout all time series. Now to create a feature
vector for a single time series, called Fk(d ∈ D), determine
the occurrence frequency of each discovered motif in that time
series (Equation 11). This method yields vectors which are
element-wise comparable as expected for classification.

Mk(D) = k most interesting motifs in D (10)

Fk(d ∈ D) = [count of m in d for m in Mk(D)] (11)

A problematic property of many classification problems is
the uneven size of classes. To account for this, k frequent
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Fig. 12: Illustrations of both the T-pattern zone division (top)
and the SAX bins division (bottom). The T-patterns illustration
uses 25 zones. Note that in this illustration the camera distor-
tion has not been taken into account. The SAX illustration uses
α = 10 (10 bins for each dimension), with all positional data
in the 2014 dataset. Note the underlying normal distribution
reflected in the sizing of the bins. The smallest bins occur
around the mean location of the animals in the data, allowing
more detail to be recorded. In less popular areas, larger bins
are available and less detail is recorded.

motifs should be extracted from the data points of each class
separately. Given n classes, this will yield k · n frequent
motifs. As before, a data point’s feature vector is created by
determining the frequency of each of the motifs in the data
point. Thus, the length of the feature vector, is dependent on
the number of classes n as well as the number of extracted
motifs k.

5) Interestingness: In order to execute this method, some
definition for ’interestingness’ of motifs is required. Given a
motif m, three interesting properties may be defined, each
of which one may wish to maximise when searching for
interesting motifs. To evaluate a motif’s interestingness I(m),
some (non-linear) combination of these three properties may
be used. The k most interesting motifs could then be selected
as those with the highest interestingness as thus defined.

frequency If (m) The amount of times that this motif occur-
rences in the data. The more frequent a motif, the more
suitable it will be to use as a feature. A motif that only
appears in a small amount of data points is difficult to
use for classification. Even if those data points happen to
all belong to the same class, using this motif as a feature
would facilitate over-fitting.

length Il(m) = |m| The total amount of symbols in the motif.
Longer motifs are more interesting because they expose

more detailed patterns. A motif of length 2 only shows a
linear movement from one position to another. Longer
movements will describe more detailed aspects of the
animal’s behaviour.

diversity Id(m) The amount of unique symbols in the motif.
A long motif may only contain few unique symbols,
which means the motif describes a movement with a high
amount of repetition. Since such a pattern is really made
up of other motifs, it might be more interesting to focus
on motifs which cannot be easily decomposed. This is
encouraged by preferring motifs with a high number of
unique symbols.

Some important relations hold between these properties.
Given any motif m and symbol s, a new motif may be
constructed as n = m + s by appending s to m. Regardless
of the choice of m and s, it is clear that n cannot be more
frequent than m, since for each occurrence of n there is also an
occurrence of m contained within. Thus, If (m+ s) ≤ If (m)
and |m+s| > |m| for any m and s. This means that frequency
is inversely proportional to length: If (m) ∝ |m|−1. Note
also that |m| ≥ Id(m), meaning that length must grow with
diversity, and so If (m) ∝ Id(m)−1.

This means that, when using these three properties and k-
motifs to define a quantification method, high accuracy (If )
and high interpretability (Il and Id) are mutually exclusive.
It is not clear whether this holds for quantification methods
in general. In any case, the best way to combine the three
properties into a single measure of interestingness I(m) is not
obvious. Some exploration of the possibilities will be necessary
in order to find a suitable combination.

Four different ways of combining the three measures of
interestingness are explored. These are shown in Equations 12
through 15. While I1 combines the three measures with equal
weight, the other functions each favour one measure while
devaluing the other measures by scaling them logarithmically.

I1(m) = If (m) · |m| · Id(m) (12)
I2(m) = If (m) · log(|m|) · log(Id(m)) (13)
I3(m) = |m| · log(If (m)) · log(Id(m)) (14)
I4(m) = Id(m) · log(If (m)) · log(|m|) (15)

6) Spatial relations: Although the k-motifs algorithm may
be used on any time series, only the X centre and Y centre
variables from V are used to construct the feature vectors. The
choice to restrict the number of variables was made in order
to reduce the size of the feature vector, thereby increasing
interpretability. The choice for these specific variables was
made since they are the variables used by other methods such
as T-patterns.

Having made the choice to focus on positional data, we
should account not only for the subject’s position in space,
but also for the relationship to objects and to the boundaries
of the open field. Therefore, the k-motifs algorithm must not
only be applied to a time series of the subject’s position, but
also to reparameterised time series such as those conveying
the subject’s distance to objects. Each of these transformed
time series is called a spatial relation (including the original
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position). This further increases the length of the feature vector
to k ·n · r, with r the number of relations we wish to capture.
The spatial relations chosen for this project can be found in
Table IV. In our specific dataset, n = 2 (control and OCD) and
r = 4 (absolute position, relative position, minimum distance
to any object, minimum distance to the boundary). The length
of the feature vector, then, becomes 8 · k.

Note that some spatial relations are two-dimensional while
others are one-dimensional. While one-dimensional data is
straightforward to progress using the k-motifs algorithm, two-
dimensional data is less obvious. The approach taken is as
follows. First, the two dimensions are processed by SAX
individually, resulting in two separate symbolic time series.
These two series are then recombined to create a time series
consisting of pairs of symbols. This new time series can
then be processed by Sequitur, interpreting each pair as an
individual symbol in the input.

D. Parameters

The complete quantification method, combining k-motifs,
vector creation and spatial relations, involves a number of
parameters that determine aspects of the final outcome. These
parameters are repeated in Table V for clarity.

In order to find good choices for all parameters, evaluation
through classifier performance will be performed, analogous to
the evaluation of the quantification method as a whole (Section
IV-E). Hill-climbing will be used to determine the best values
for w, α and k, whereas exhaustive search is used for to
optimise I . This way those values can be found that yield
the highest classifier performance, barring local maxima.

To be able to evaluate the result of this optimisation, the
complete dataset is split into two portions: 90% that is used
for hill-climbing based on classifier performance (which in turn
splits the data into training and test sets) and 10% that is held
out for final evaluation.

E. Evaluation

Four different classifiers are used to compare the four
different quantification methods. These classifiers were chosen
because they are some of the most prominent classifiers
available in the popular Python package sklearn [29]. Each
classifier is run with default parameters as given in the sklearn
package. A description of each of the four classifiers, how they
learn from given data, and how they assign a class to a new
observation, will follow.

Gaussian Naive Bayes Assuming independence between fea-
tures, Bayes’ theorem is applied to the data. This way
probabilities associated with each combination of class
and feature are learned, and from this the most probable
class of new a observation can be inferred [30].

Decision Tree A number of if-then-else decision rules are
learned with the purpose to accurately divide the data
into classes based on feature values. A new observation
is classified by evaluating the decision rules on its features
[31].

Multilayer Perceptron A feed-forward network of artificial
neurons with nonlinear activation functions is used to
model the relationship in the data between features and

classes through connectivity weights between neurons.
Feeding a new observation’s features through the network
yields its class [32].

k-Nearest Neighbours All observations in the data and their
class are stored in memory. Given a new observation, its
class it determined by majority vote of the k data points
closest to the observation in the feature space [33].

To determine the relative performance of classifiers, the
label-frequency based macro F1 score was used. Being a vari-
ation on the commonly used F1 score, this measure combines
the classifier’s precision P and recall R in equal measures
to evaluate the performance of the classifier. Additionally, the
score is computed individually for each class c, and then the
average of these scores is taken, with each score weighted
by the size of the corresponding class |c| (Equation 16) [34].
This ensures that imbalance in class size does not influence
the score.

Fweighted
1 =

∑
c∈C

2P (c)R(c)

|c|(P (c) +R(c))
(16)

In order to obtain trustworthy classification results, strati-
fied k-fold cross-validation was used. In k-fold cross valida-
tion, the the data is randomly divided into k subsets of equal
size. Then, for each subsample i, the subsample is used as a
test set while the other k−1 subsamples are used for training.
This results in k classifiers with each a classification score,
which may be averaged to obtain the final score. This method
ensures that all individual data samples are used in for testing
exactly once, and so the final score is not some fluke of the
particular way that the data was partitioned. Additionally, in
stratified k-fold cross-validation, each subset is chosen such
that the distribution of classes is as near as possible to that of
the complete data [35]. This again prevents class imbalance
from affecting the final score. In this project, k = 10 is used.

V. RESULTS

A. Data preparation

The solutions to missing values, nonuniform data and
anomalies presented in Section IV-A all involve disregarding
data that contains many such issues and only retaining the
2014 dataset, which contains only few such issues. Namely,
the longest contiguous gap of missing values in this dataset is
only 6 seconds long, compared to 35 seconds, the largest gap
over all datasets. In total only 12 seconds of data is missing
from this dataset, compared to e.g. 33 minutes in the 2013
dataset.

However, even within this dataset some subjects and some
sessions had to be removed from the subject-session matrix, as
they contained missing or unfinished sessions. The final dataset
contains 8 animals, each with 10 sessions, resulting in a total
of 80 sessions. The full list of animals and sessions retained
and used in the rest of this thesis can be found in Appendix
A.

The solution to redundant variables is more involved. First
the correlations between variables are computed, as shown in
Figure 13. All computed correlations are significant. There are

12



TABLE IV: Spatial relations chosen to be used in this project.

Name Dimensions Description

absolute position 2 The (x, y) location of the animal in the world.
relative position 2 The change in (x, y) location of the animal since the previous time point.
nearest object 1 The distance from the animal to the nearest object in the world.

nearest boundary 1 The distance from the animal to the nearest point on the boundary.

TABLE V: An overview of the parameters of the quantification method. Listed are the component of the method to which each
parameter belongs, the symbol used to indicate the parameter, the domain of the values that can be chosen for the parameter,
and a description of the parameter.

Component Symbol Domain Description

k-motifs w N>0 The segment size used for dividing the input sequence.
k-motifs α N>0 The amount of bins to use in approximating the input sequence.

vector creation k N>0 The amount of most interesting motifs to select per class.
vector creation I {I1, I2, I3, I4} The measure of interestingness to use when selecting most interesting motifs.

three sets of highly inter-correlating variables (r > 0.95), con-
taining 2, 3 and 3 variables respectively. Namely, these are the
sets {Trial time,Recording time}, {X centre,X nose,X tail}
and {Y centre,Y nose,Y tail}. As proposed, in sets of vari-
ables with high correlation, only the first variable is retained.
This results in a pruned set of variables, namely those shown
in Figure 13. This new set of variables contains 77% of the
variance of the original data, while only consuming 58% as
much data volume.

B. Data augmentation

The results of the first method as described in Section IV-B
can be found in Figure 14. The figure shows that sections of
size down to 5 minutes do not on average significantly differ
in variance compared with the original section size, and that
no significant differences occur at all down to a size of 10
minutes. These results indicate that splitting sessions down to
10 minutes in length would not change the nature of the data
in such a way that behaviour becomes unrecognisable.

For the second method, existing literature indicates the
frequency at which rodents perform certain behaviours related
to OCD, namely the following.

• In the open field experiment, subjects tend to return more
frequently to a certain location, known as the home base
[16]. The maximum time between returns to the home
base is 20 seconds for OCD rats, with 3 minutes for
control rats [36].

• Differences between control and OCD rodents can also be
observed in the elevated plus maze. Significant differences
can be seen within 5 minutes of observation [37].

• Another common setup involves marble burying, where
rodents are places in an environment with a number of
marbles which can be buried by the subject. Here a
difference in frequency and amount of marbles buried can
be seen between subjects, where control subjects bury at
least one marble per 8 minutes and OCD subjects bury at
least one per 3.75 minutes [38].

Although the time between instances of behaviour vary, all
found times are well below 10 minutes. Combined with the first
method, this reinforces the idea that splitting sessions down

to 10 minutes in length will preserve behavioural indicators.
Since the original sessions are 30 minutes in length, this
increases the amount of data points by a factor of three.

C. Normalising bins

Using the T-pattern method with linear zone divisions, the
entropy of the proportion of visits per zone is 2.90 (Figure
4). In contrast, using the bin divisions based on the normal
distribution, the entropy is 2.63 (Figure 17).

D. Motifs and feature vectors and interestingness

Some examples of motifs produced by the k-motifs method
are shown in Figure 15. Specifically the 8 most interesting
motifs are shown as produced when using each of the four
measures of interestingness defined in Section IV-C5. An
example of a feature vector based on these motifs is shown
in Table VI. A full heatmap of feature vectors can be found
in Figure 16.

E. Parameters

The hill-climbing method found w = 15, α = 10, k = 10
and I = I2 to be the parameters yielding the highest classifi-
cation performance. Note that k = 10 was the highest allowed
value in the hill-climbing setup. This suggests that segments of
625 millisecond in length and 10 bins per dimension should be
used in the SAX algorithm. Further, 10 motifs should be used
from the motifs generated for each class, and motifs should be
valued chiefly for their frequency, and less so for their length
or diversity.

F. Evaluation

The full classifier performances can be found in Table VII.
The new quantification method was able to achieve an average
score of 0.86, higher than any of the other classifiers. Note that
although the method’s average is highest, not all individual
scores are highest. The MultiLayer Perceptron classifier in
particular did not yield a high score for the new method
(0.69), while T-patterns scored high (0.84). The highest score
of any method-classifier combination was achieved by the new
method using k-Nearest Neighbors, at 0.94.

13



TABLE VI: An example feature vector resulting from the quantification method, describing a single data point (data from an
open field segment). This vector contains 20 features, since there are two classes and k = 10, so 10 motifs from each class are
used. Each number indicates the amount of times a particular motif occurs in the data point.

29 22 5 19 5 21 2 21 17 16 22 29 19 21 21 17 13 18 17 20

Fig. 13: Top: correlation coefficients for each pair of vari-
ables from V (the original variables), as computed using the
incomplete beta function. Bottom: correlation coefficients for
each pair of variables from V ′ (variables after pruning). All
correlations were found to be significant.

Fig. 14: Plot showing results of the data augmentation method
as described in Section IV-B, showing how, as segment size
decreases, so does the p-value of the the difference in variance
with the original segment size (30 minutes). The red line
indicates a p-value of 0.05. The yellow line shows the average
p-value over all variables in V ′. The blue area shows the spread
of the p-value for all variables (bounded by minimum and
maximum).

After using k-fold classifier performance on 90% of the
data in the hill-climbing method, the classifiers were trained
on that 90% of the data and then tested on the remaining
10% of the data, achieving an average performance of 0.75
for the new method, with the Multilayer Perceptron classifier
in particular scoring badly at 0.52.

The different methods were further compared by using the
standard deviation of the scores to compute the significance
of differences between scores. The results of this exploration
can be found in Figure 18. This shows that the new method
is significantly better than the method using full data and the
method using means and variances, but not significantly better
than either Jesse Zwamborn’s behavioural method or the T-
pattern method.

VI. DISCUSSION

A. Data preparation

The fact that the ratio between the reduction in variance
and the reduction in data volume is positive may serve as some
indication that it was useful to reduce the data in this way.



Fig. 15: Motifs resulting from the four different combinations of the three measures of interestingness as defined in Section
IV-C5. Shown are the 8 most interesting motifs that were found for each combination. Note that one-dimensional features are
shown over time (distances), while two-dimensional features are shown in space (movement). Note also that relative movement
patterns originate at position (0, 0). Where possible, the bins are indicated with red lines (not possible for relative movement as
the bins re-orient with each step).



TABLE VII: Classification performances of the different quantification methods for each of the considered classifiers.

Method Mean Guassian Naive Bayes Decision Tree Multilayer Perceptron k-Nearest Neighbors

Full Data 0.64± 0.16 0.72± 0.22 0.70± 0.14 0.56± 0.16 0.59± 0.13

Variable means and variances 0.68± 0.13 0.71± 0.15 0.66± 0.12 0.66± 0.16 0.68± 0.10

Jesse Zwamborn’s project [15] 0.76± 0.12 0.77± 0.14 0.78± 0.10 0.74± 0.14 0.78± 0.09

T-patterns 0.83± 0.16 0.80± 0.13 0.88± 0.15 0.84± 0.16 0.81± 0.20

k-motifs 0.86± 0.10 0.88± 0.07 0.87± 0.09 0.69± 0.17 0.94± 0.05

Mean 0.76± 0.13 0.77± 0.15 0.78± 0.12 0.71± 0.14 0.76± 0.12

Fig. 16: Heatmap illustrating feature vectors for all data points
in the 2014 dataset, using the I2 measure. Note that data
points are separated by class, as indicated by the red line (with
the quinpirole group at the top and the control group at the
bottom).

Fig. 17: Proportion of visits to each SAX bin in the ’2014’
dataset, using α = 5 (resulting in 25 two-dimensional bins)
and w = 15.

Fig. 18: Plot showing the significance of differences between
method performances. This is based on the average method
performance as reported in Table VII. Yellow fields show
that the difference in performance between two corresponding
methods is significant, while purple means non-significant.

Note that there are possibilities here to to explore other
solutions which are less volume-reducing, especially in the
areas of missing values. For example, an attempt can be made
to reconstruct the missing values based on some algorithm. A
simple interpolation might suffice, but perhaps more interesting
method could be conceived.

Even after reducing variable inter-correlation, some mod-
erately correlating pairs of variables remain. Some of these
can be explained by simply pertaining to phenomena that are
behaviourally related, e.g. the amount to which the animal
is elongated and the area which it occupies. Others are less
obvious, such as the relation between X centre and Area. This,
however, may be explained by the angle of the video camera,
which causes a distortion in distances along the direction of
pitch.

Since this method of data reduction is very general with
regards to the input data, it might be interesting to investigate
its usefulness in other contexts.



B. Data augmentation

The division of sessions into segments of 10 minutes, based
on the significance of difference in variance, seems to have
been a valid choice, as indicated by the relative success of the
quantification method, in particular the achieved classification
performance. Some other possibilities for determining segmen-
tation size could be explored. For example, one method may
investigate the change in classifier performance as segment
size decreases. A significant change in performance from the
original size may indicate that the segmentation is too small.

Additionally, completely different ways of data augmenta-
tion might be explored. As mentioned, one possibility might
be to create additional data points with characteristics similar
to the existing data. What this would mean exactly for rodent
data is not immediately clear, but this would be an interesting
question.

The segmentation of temporal data based on variance
difference significance could be an interesting method of data
augmentation to explore in other datasets, also.

C. Normalising bins

The results are contrary to expectations, meaning that linear
zone divisions seem to perform better than normalising divi-
sions in creating a uniform distribution of zone visits. However,
the significance of these numbers has not been computed, so it
is unclear whether this result is a fluke caused by this particular
dataset or whether the normalising bins method is itself flawed.
Since literature suggests that normalising bins should aid in
creating uniform visit distributions, it would be interesting to
investigate the method further, and try to confirm or rebuke
the method.

D. Motifs, feature vectors and interestingness

The motifs yielded by k-motifs were interesting, although
less easily interpretable than expected. One important property
of the generated motifs is that they describe motions that are
mostly linear, or repetitions of linear motions. For example,
many of the motifs in Figure 15 show a single oscillation
of a repeating motion, or else they show an almost linear
movement. These kinds of movements are not very interesting,
as they could either be captured by a simple mathemati-
cal quantification method, or by a behavioural quantification
method that transforms the data into some form in which the
behaviour is presented linearly. As such, although the new
quantification method seems to promise high interpretability
compared to other methods, this does not very much seem to
be the case.

Some more features of the motifs presented in Figure 15 are
worth discussing. Most prominently, the motifs for the first two
measures of interest are identical. Since the difference between
these measure is in the way that length and diversity are valued,
while the value put on frequency is constant, this suggests
that even in the equal weight measure the frequency has the
upper hand. Perhaps it would be a good idea to normalise the
three properties before combining them into a measure, so that
tuning any of them is sure to have the desired effect.

As expected, the nature of each measure of interestingness
is reflected in the presented motifs. Both the measure focusing

on length and the measure focusing on diversity do produce
longer motifs, while the measure focusing on diversity addi-
tionally finds motifs with a larger number of unique values.

Note also that many motifs are shared between the mea-
sures focusing on length and diversity, while seemingly no
motifs are shared between those and the measure focusing on
frequency. This supports the idea that for motifs, frequency is
inversely proportional to both length and diversity.

Of note is the fact that no motifs of the ’relative position’
spatial relation type is included among the motifs in the figure.
This means that no motif of this type was among the 8 most
interesting based on any of the four interestingness measures.
Perhaps this can be explained by the fact that the relative
position may have the highest variance of all of the spatial
relations, meaning that patterns are less likely to occur.

From the classifier performance results, it would appear
that I2, the measure focusing on frequency, is best for deter-
mining the interestingness of a motif. Note that the significance
of the differences between measures was not evaluated, so
there is little certainty that this is a trustworthy result.

The goal of exploring different measures was not only
to increase performance, but also interpretability. Seeing how
the motifs produced by the measures focusing on length and
diversity seem at most marginally more interpretable than the
others, this may not have been successful. As such, regardless
of significance, it might be best to focus on frequency, as the
other properties do not seem to yield any benefits.

The heatmap in Figure 16 exposes some interesting proper-
ties of the feature vectors generated for a full dataset. The data
points are separated by class along the vertical axis, and a clear
separation is visible in the values of the feature vectors, as well.
This visually shows the source of the classification accuracy as
found in the evaluation. However, the main difference between
the two groups seems to be that many motifs are frequent
in the quinpirole group, while few motifs are frequent in
the control group. Although this facilitates classification, it is
contrary to expectations: since 10 motifs were taken from the
top motifs in each class, the expectation would be for half
of the motifs to be frequent in all data points of one class,
and the other half in the other class. One possible explanation
for this phenomenon is the fact that motifs from the control
class, although common in the control class, are even more
frequent in the quinpirole class. This issue might be solved by
normalising motif frequencies within each class.

All in all, the quantification method based on k-motifs
seems interesting to explore, if not as interpretable as expected,
at least under the current circumstances. Further research using
different kinds of datasets might be interesting, especially since
k-motifs has not yet been applied to a broad range of problem
domains.

E. Parameters

The determined parameters place the total number of bins
per dimension twice as high as in the established T-patterns
method. It would be interesting to explore how the T-pattern
method would perform if using a higher number of bins.

Although k = 10 was yielded by the hill-climbing al-
gorithm, this was the highest allowed value for k. If higher
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values were allowed, it is likely that the performance would
keep increasing with k, since an increase in features can
only increase the classification performance (depending on the
type of classifier). However, a higher value of k would also
negatively impact the speed of the quantification method, an
property that was not explored in this project.

In addition to the four aspects of the method that were
parameterised, some more possibilities exist that were not
explored. For example, a choice of which spatial relations
to include. Also, many more options could be devised for
evaluating the interestingness of a motif.

F. Evaluation

The obtained results indicate that, although the new method
based on k-motifs performs significantly better than two trivial
methods, it does not perform significantly better or worse than
either of the two non-trivial methods that were considered.
However, the fact should be taken into consideration that the
parameters of the new method were fine-tuned to the given
data, while the other methods were not similarly privileged.
This shows in the fact that the performance on the held-
out data was only 0.75. The performance was lowest for the
Multilayer Perceptron classifier, which is known to be sensitive
to overfitting, further supporting the suspicion.

One aspect of classification that was not explored in this
project, but which would be very interesting, is the evaluation
of relative contributions of features in the process of classifi-
cation. It would be interesting to know which motifs, or which
spatial relations, contribute most to determining the class of a
data point.

VII. CONCLUSION

The new quantification method, which converts patterns
discovered by k-motifs into feature vectors, performs ade-
quately on the given dataset of rodent behaviour. However,
this is achieved after tuning the method’s parameters to the
data, and performance does not significantly exceed established
methods. Additionally, the interpretability of the method’s
features leaves to be desired.

In achieving this goal, a number of interesting issues
were met and promising solutions were found, pertaining to
data preparation, data augmentation and quantification method
formalisation and evaluation. Many of these solutions provide
opportunities for further investigation.
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