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Abstract

The automatic detection of animal movement behaviours in response to
disturbances is considered an efficient tool for the bio-monitoring of ecosystems.
Behaviours, however, can be difficult to analyse, due to complexity of the data.
In this study, we characterised the movement patterns of medaka (Oryzias
latipes) in response to low concentrations (1 mg/L) of copper ion (Cu’") using a
self-organising map (SOM) with movement parameters. Test specimens were
observed individually in an aquarium (40 cm % 20 cm X 10 cm), and their
position was detected from the side at 0.25-sec intervals using a television
camera. Movement parameters such as speed, angle, and distance were
calculated for 3 different segment lengths, with 3, 6, and 12 points indicating the
duration of observation of 0.5 sec, 1.25 sec, and 2.75 sec, respectively. The
effects of copper treatment on movement patterns of medaka were evaluated
with different segment lengths, and the discrimination efficiency was compared.
Our results showed that the movement activity after Cu®* treatment decreased,
and changes in movement tracks caused by Cu®" treatment were identified with
segmentation using SOM. These computational approaches could be used for in
situ bio-monitoring and early warning systems.
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1 Introduction

Biological systems are composed of hierarchical structures, ranging from the
small-scale structures of molecules and cells to the larger scale structures of
tissues, organs, organ systems, organisms, populations, and communities. Each
of these responds in different ways to environmental changes. To evaluate
biological responses at the molecular or cellular level, analytical methods,
toxicological assays, and dose mortality assays are used. Responses at these
small-scale levels are rapid, and the analytical methods provide accurate
information (Figure 1). However, the information provided by such studies is
usually limited to the local level, and fails to provide a comprehensive
representation of the impacted ecosystems on a large scale [1, 2]. For large-scale
biological systems, assessments of biodiversity and ecosystem function are used
to evaluate the impacts of disturbances on the target ecosystems. On such a large
scale, responses are slow and often imprecise, but their ecological relevance is
high due to the accumulating effects of disturbances or stresses on the system.

Ecosystem Assessment of « provide an overall idea of disturbance
biodiversity & impact on ecosystems.
Community ecosystem
- function * do not deliver detailed and precise
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Organism ‘int tive’
e N =P - Behavioral monitoring of organisms could
Organ system assessment efficiently fill the gap between the large-
scale field surveys and the small-scale
Organ chemical tests.
Tissue
Cell « provide more accurate data
D Molecule + information obtained is usually limited to
O the local level and fails to address a
comprehensive representation on the
affected ecosystems.
Figure 1: Schematic diagram of biological assessments of disturbances at

different biological scales.

Therefore, methods to link small- and large-scales studies, to achieve an
integrative assessment of biological systems, have been developed [1, 3, 4].
Animal behavioural monitoring is effective for filling the gap between large-
scale and the small-scale assessments. Animal movement behaviour can be
observed continuously.

For effective ecosystem management, it is useful to establish early warning
systems for ecosystem disturbances. Accordingly, the automatic detection of
animal response behaviours to disturbances has received considerable attention
as an early warning system tool in aquatic ecosystems. Various methods have
been proposed: circling paths of gametes or the meander searches by isopods [5],
a complex directional autocorrelation function with monotonic decay in
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interpreting movement behaviour [6], fractal dimensions of movement pathways
[7-10], movement velocity [4], two-dimensional fast Fourier transform [1],
hidden Markov models [11, 12], permutation entropies [13], and Shannon
entropy [2].

Although various behavioural monitoring systems have been developed, there
are still many improvements necessary. Continuous behavioural monitoring is
complex, because of the large number of data points provided by a continuously
recorded time series. The behavioural data for movement tracks of animals are
highly non-linear and variable, making it difficult to analyse data and extract
useful information.

Previous studies have shown that movement parameters such as distance,
acceleration, and speed are efficient for monitoring changes of movement
behaviours of test animals responding to disturbances [1, 3]. Although these
computational methods extract useful information, they require high
computational cost and their parameters are highly condensed. Therefore, it is
necessary to develop relatively simple methods for detecting behaviours of test
animals in response to environmental disturbances. Furthermore, it is unclear
how many segments in the movement tracks are necessary to efficiently detect
the responses of animals to disturbance. A large number of segments involve
high computational cost, and result in complex interactions between parameters.
In this study, we aimed to 1) determine the movement behaviour of animals
responding to a toxic substance, and 2) evaluate the effects of varying numbers
of segments in the movement tracks on the detection efficiency after exposure to
a toxic substance.

2 Methods

2.1 Test specimens and movement observation

Medaka (Oryzias latipes) was used as the test specimen. This species is common
and relatively easy to observe, and its general biological information is readily
available. Medaka stock populations, obtained from the Korea Research Institute
of Chemical Technology (KRICT), were maintained in a glass tank and were fed
an artificial dry diet (Tetramin®) under the light regime of L10:D14 (lights on,
10:00; lights off, 20:00) at a water temperature of 23 = 1°C [2]. Tap water,
dechlorinated by adding Na,S,0; (30 mg/L) and by providing air under sunlight
for 2 or 3 days, was used [14]. Test organisms (aged 6—12 months) were
randomly chosen, and were placed individually in a 10-L glass aquarium (40 x
20 x 10 cm). Copper (Cu) at a concentration of 1 mg/L. was added to the
aquarium. The LCs, was 5 mg/L [2, 15]. Twenty individuals were continuously
observed from side view for 4 days: for 2 days prior to treatment and
subsequently for 2 days after treatment [2].

Medakas were continuously observed using the automated behaviour
observation system, which consisted of an observation aquarium, a CCD camera,
and a computer with an A/D converter and an image recognition system
(Figure 2). The test organisms were scanned continuously with the CCD camera,

WIT Transactions on Ecology and The Environment, Vol 162, © 2012 WIT Press
www.witpress.com, ISSN 1743-3541 (on-line)



140 Environmental Impact

and the scanned analogue images were converted to digital images using a video
overlay board every 0.25 sec. The digital images were processed by the
image recognition system to identify the location of the test specimen every
0.25 sec [2]. The observation system, including the software for digital image
processing and other mathematical analyses, was developed by the authors.

ccb
camera

L

A/D converter

Image Process

Aqaorium ‘ Recognition S/W ‘
40cmx20cmx10cm
Observation aquarium Personal computer Software
Figure 2: Observation system for automatically recording and analysing

movement behaviour.
2.2 Data analyses

Based on the movement tracks of the test specimens, movement parameters (e.g.
speed) were selected for comparing the movement activity before and after
copper treatment. A paired ¢-test was used to test the differences before and after
treatment. Based on our experience of test specimens and the results from
previous studies of continuous observation of response behaviours [1, 3, 16], the
parameters of speed (mm/sec), angle (rad/sec), angle change per movement
distance, and movement distance (mm) between segment points were measured
for characterizing movement of the segments (Figure 3). Parameters were
calculated at different movement lengths (number of segments); duration of
movement was presented as 3, 6, or 9-point segments indicating 0.5 sec, 1.25
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Figure 3: Segmentation of movement tracks.
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sec, and 2.0 sec, respectively (Figure 3). The movement distance was calculated
each 0.25 sec; therefore, n» numbers of movement distance parameters were
obtained for n point segments tracks.

Average values and statistical analyses were used for quantifying the
differences before and after treatment. Subsequently, the movement patterns
were evaluated based on the behavioural parameters of a Self-Organizing Map
(SOM; [17]), an unsupervised artificial neural network. The SOM, consisting of
2 layers of input and output, performs a non-linear projection of the data in low
dimension [17], and provides a comprehensive representation of complex data to
allow patterning. Each layer consists of neurons with inter-connecting weight
vectors. In the learning process, the Euclidian distances between weight vector w
and input vector x are calculated. The output layer consists of D (150 = 15 x 10
in this study) output neurons on a two-dimensional hexagonal grid. Among D
neurons, the best matching neuron (that with the minimum distance) is chosen.
The new weight vectors are updated for the best matching neuron and its
neighbours according to the following equation. The weight vectors of other
neurons are not changed.

w;(t+1) = w, () + (O] x(t) - w, ()]

where ¢ is the iteration time, and o(f) is a learning rate factor. This process
amounts to training the network to classify the input vectors. A detailed
description of the SOM algorithm was given in Kohonen [17] and Park et al. [1].

The data were proportionally scaled between 0 and 1 in the range of the
minimum and maximum values. After training the SOM, the cluster boundaries
on the trained maps were further determined by a hierarchical cluster analysis
with a Ward linkage algorithm using the Euclidean distance measure. Multi-
response permutation procedure (MRPP) was conducted to evaluate the
significance of the clusters [18]. The MRPP is a nonparametric procedure for
testing the hypothesis of no difference between groups defined by the SOM, and
was performed using PC-ORD Ver. 4.25 [19].

3 Results

3.1 Effects of toxic chemical treatments

Movement patterns of medakas were analyzed at 3 different lengths: 3-, 6-, 12-
point segments. Firstly, we analyzed the differences in movement parameters
with 3-point segments, and then, the movement patterns were characterized with
the SOM. When medaka were treated with copper, movement activity in terms
of angle, speed, and movement distance per unit time (0.25 sec) decreased
significantly (paired #-test, p < 0.05; Figure 4). Similar patterns were also
observed with 6- and 12-point segments, although they are not presented in the
figure.
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Figure 4:  Differences in movement parameters of medaka responding to

copper treatment.
3.2 Classification of movement patterns

Movement patterns with behavioural parameters (speed, angel, and distance)
were classified based on the SOM learning process. Firstly, we used the data
from the 3-point segments for the SOM analysis. Pooled data before and after
treatment were used in the classification of movement patterns in the SOM, and
the SOM results showed that their occurrence patterns were clearly different
after copper treatment (Figure 5). The SOM output units were classified into 5
clusters (1-6) based on U-matrix and the dendrogram of the hierarchical cluster
analysis. The classification revealed the changes in behavioral patterns caused by
chemical treatment. Cluster 1 showed low values for speed, angle, and
movement distances d1 and d2, indicating that movement patterns were affected
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Figure 5: Classification of movement patterns in SOM based on the

differences of movement parameters. b) A dendrogram of
hierarchical cluster analysis with the Ward linkage method using
Euclidean distance. Lines with 3 points indicate typical movement
patterns in each cluster.
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by chemical treatment (Figure 6). Clusters 4 and 5 displayed high speed and long
movement distances d1 and d2, representing movement patterns when untreated
by copper. Clusters 2 and 3 showed a high value for angle and low values for
speed and movement distance.
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Figure 6: Differences of movement parameters measured with 3 point

segments at different clusters defined in the SOM.
a) speed, b) angle, ¢) movement distance between points 1 and 2,
and d) movement distance between points 2 and 3 in 3-point
segments.

3.3 Effects of segment sizes on discrimination rate

Based on the SOM classification, movement patterns were discriminated
according to chemical treatment at different numbers of segments (3, 6, and 12;
y =-1.3888x + 64.915, R* = 0.9901). Correct discrimination (%) was decreased
with increasing number of segmentations (Figure 7). At 3-point segmentation,
correct discrimination was 61.2%, while it was 48.5% at 12-point segmentation.
Our results showed that 3-point segmentation is more efficient to characterize the
effects of copper on medaka, although overall discrimination rates were
relatively low. This indicates that the 3 behavioural parameters used in this study
(speed, angle, and distance) were not sufficient to identify the effects of copper
treatment on medaka. It is clear that the 3-point segments of movement track are
better than a larger number of segments. It saves computational time and cost,
which is important for real-time early warning systems. However, it is necessary
to investigate how the discrimination efficiency can be improved with the
combination of other parameters.
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Figure 7: Changes of discrimination power for the response of medaka to copper
treatment.

4 Conclusions

We observed the movement patterns of medaka (Oryzias latipes) in response to
low concentrations (1 mg/L) of copper ion using the automatic detection system
of animal movement behaviour, and the movement patterns with behavioural
parameters were characterized through an unsupervised learning algorithm with
SOM. Medaka movement activity after copper treatment was decreased.
Changes in movement tracks caused by copper treatment were discriminated
with segmentation using SOM, and 3-point segments showed higher
discrimination efficiency than did 6- and 12-point segments. Further studies are
required to improve discrimination rates. Finally, in situ bio-monitoring could be
possible utilizing computational methods with simple movement parameters and
SOM.
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