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Abstract

Behavioral sequences of the medaka (Oryzias latipes) were. continuously investigated through an automatic image recognition system in
response to medaka treated with the insecticide and medaka not treated with the insecticide, diazinon (0.1 mg/l) during a 1 hour period. The
observation of behavior through the movement tracking program showed many patterns of the medaka. After much observation, behavioral
patterns were divided into four basic patterns: active-smooth, active-shaking, inactive-smooth, and inactive-shaking. The “smooth” and

“shaking” patterns were shown as normal movement behavior. However, the “shaking” pattern was more frequently observed than the
“smooth” pattern in medaka specimens that were treated with insecticide. Each pattern was classified using classification methods after the
feature choice. It provides a natural way to incorporate prior knowledge from human experts in fish behavior and contains the information in
a logical expression tree. The main focus of this study was to determine whether the decision tree could be useful for interpreting and

classifying behavior patterns of the medaka.
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1. Introduction

Ecological data are very complex, unbalanced, and contain
missing values. Relationships among variables may be strongly
nonlinear and involve high-order interactions. The commonly
used exploratory and statistical modeling techniques often fail
to find meaningful ecological patterns from data [1-3]. The
behavioral or ecological monitoring of water quality is
important regarding bio-monitoring and risk assessment [4], [5].
An adaptive computational method was utilized to analyze
behavioral data in this study. There are many methods in the
field of classification methods. In this paper, we classified data
by the decision tree and neural network learning and compared
the performance of them. The decision tree is a mbdern
statistical technique that is ideally suited for both exploring and
modeling data. It is constructed by repeatedly splitting the data,
and defined by a simple rule based on a single explanatory
variable. And neural network is also a good technique that is
used for classification. It is very easy and powerful method.

In recent years, research on the effects of sub-lethal levels of
toxic substances has been rapidly accumulating for various taxa
including crustaceans [6], snails [7], fish [8], [9], and insects
[10]. However, these studies are mostly based on obseryation
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of single or combinations of single behaviors with qualitative
descriptions. Not much quantitative research has been
conducted on behavioral changes in spatial and temporal
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domains in response to treatments of toxic chemicals. The
observation of the movement tracks of small sized animals has
been separately initiated in the field of search behavior in
chemical ecology [11] and computational behavior [12], [13].
In regard to searching behavior, the servometor and other tools
were used for investigating the continuous movement tracks of
insects, including cockroaches, in characterizing the effects of
wind [14], pheromone [15], [16], relative humidity [17], and
sucrose feeding [18]. In regard to the computational aspects
[12], Alt modeled the movement of the organism, such as the
circling path of gametes or the meander search by isopods, and
Scharstein [19] revealed a complex directional autocorrelation
function with monotonic decay and discontinuity at the origin.
Tourtellot et al. [13] analyzed the movement length and tum
definition in the analysis of the orientation data of cockroaches.
Johnson et al. and Weins et al. attempted to quantify insect
movements and suggested the fractal dimensions of pathway
configurations [20], [21]. Recently, studies on rats were
conducted in dynamic perspectives and statistical
discrimination of motion in exploration behavior [22], [23].

These computational methods convey useful mathematical
information regarding similarities present in the data of the
movement tracks; for instance, correlation coefficients or
fractal dimensions. Using these methods, however, the
parameters are obtained through mathematical transformations
of the movement data, and information is in a generally highly
condensed state. These methods are usually not interpretable
for uniquely and directly characterizing the actual shape of the
movement tracks.
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In this paper, we utilized two kinds of classification methods
for the classification of response behaviors and aitempted to
explain the shapes of the movement tracks through feature
extraction in response to sub-lethal treatments of an insecticide.
The decision tree and neural the network learing are a widely
used technique for data classification and prediction. One of
their advantages is that rules, which are easy to understand, can
be induced. Realizing that there is a limit to observing with the
naked eye, computational methods were used to conduct our
research more effectively. First, statistical analysis in total
moving distance, average speed, and sectional domination was
conducted as a feature extraction. Furthermore, we devised a
new analysis method for pattern isolation based on a decision
tree and neural network learning to differentiate the patterns we
thought distinctive. This research can help the biosensor field in
detecting defects in fish, or in finding out chemical toxicants that
exist in the water by observing specific behavior patterns of fish.

2. Experiments for Data Acquisition

2.1 Rearing of Experimental Fishes

The specimens of medaka (Oryzias latipes) used in our
experiment were obtained from the Toxicology Research
Center, Korea Research Institute of Chemical Technology
(KRICT; Taejon, Korea). Only the specimens six to twelve
months old were used. The medaka is about 4cm in length and
lives for about 1-2 years. Because it is an easy species to rear
and reproduce, it is used widely in the research of genetics or as
a testing material in the detection of water pollution.

2.2 Experimental Conditions

A day before experimentation, the medaka was put into the
observation tank and was given approximately twelve hours to
adjust. The specimens were kept in a temperature of 25°C and
were given a sufficient amount of oxygen during these twelve
hours prior to the experiment. The specimens used were male
and about 4cm long. In order to achieve image processing and
pattern recognition effectively, a stable condition was
maintained in the monitoring system. Disturbances to
observation tanks and changes in experimental conditions were
minimized. Aeration, water exchange and food were not
provided to the specimens during the observation period and
the light regime was kept consistent.

2.3 Observation System

The observation system used in the experiment is comprised
of an observation tank (80x30x10cm®, glass), a water circulator
with a temperature controller (Jisico™), a temperature data
logger (Hobo), a CCD camera (HiTron, DSP HDC4N04SKR),
a video overlay board (Video Overlay Board: Sigmall™,

SigmaCom, Korea), and an image recognition system. The

aquarium used was based on the experiments on fish behavior
in  KRICT. The
40cmx20cmx10cm. Diazinon (DongYang Chemical; O,0-
diethyl O-2-isopropyl-4-methyl-6-pyrimidyl thiophosphate,
93.9%) dissolved in dimethylsulfoxide (DMSO; 10mg/l), was
introduced at the concentration of 0.1mg/L directly into an

observed  aquarium  size  was

aquarium in which a 6-12 month old individual adult medaka
specimen resided. During the period of observation, individual
medaka specimens were placed in a glass aquarium. The analog
data captured by the camera set in front of the aquarium were
digitized by using the video overlay board every 0.25 seconds
and were sent to the image recognition system to locate the
target in spatial time domains. The spatial position of the
medaka was recorded in two-dimensional X, y coordinate
values. After giving the experimenting specimen approximately
twelve hours to adjust to the observation aquarium, the
experiment was started. The experiment was started at about
8:00~8:30 AM every day. Each data from a movement pattern
had an interval of one minute [24], [25].

3. Feature Extraction Process

3.1 Images of Movement Behavir of Medaka

In this paper, the movement patterns of the medaka were
classified into shaking and smooth patterns as shown
respectively in Fig. 1 and 2. When a medaka was affected by
diazinon (0.1 mg/l), the treated specimen was generally less
active, and the movement behavior was shaky and interspersed
with irregular, repetitive back-and-forth movements. Response
behaviors were frequently vertical as can be observed in Fig. 1,
and the degree of shaking was usuvally higher during the
upward climb. Fig. 2 shows generally not be treated species.
The behavior of the medaka in a minute period of time was
used to classify them into 5 patterns: active-smooth, active-
shaking, inactive-smooth, inactive-shaking, and not determined
in each case. “Not determined” means that a pattern was not
classified into any one of these four categories. By the
observation of an expert in fish behavior to initiate pattern
isolation, the features were observed and the following three
feature variables could be defined: high-speed ratio, FFT (Fast
Fourier transformation) to angle transition, and projection to x-
and y-axes. Fig. 3 shows the schematic diagram during one
minute of the movement analysis for the process of extracting
three distinctive characteristics from the data acquired and
classifying 5 patterns based on this information. It is possible
that some patterns may not have been classified for medaka
treated with sub-lethal chemicals. However, in these cases,
further analysis and observation can add new patterns and
update the unsupervised classification method.
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Fig. 1. Example of shaking patterns during a one-minute
interval (e: start, *: end)

-

Fig. 2. Example of smooth patterns in a one-minute interval
(e: start, *: end)
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Fig. 3. Schematic diagram for automatic pattern isolation
3.2 Feature Extraction from Images

3.2.1 Speed Ratio

In order to know the activeness of a medaka, speed
information was used to define high-speed ratio. The speed of
the medaka shows whether the pattern is an active movement
or inactive movement. The formula for speed is as the
following:
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Here, x, and y, are the position values of the medaka in a
sampled time. The ratio of patterns that exceeded the calculated
average speed of the overall 7 data sets, 21mm/sec and the total
number of patterns was used as the first feature variable. High-
speed ratio is calculated using the following equation. A2
represents the average speed of the overall 7 data sets in
equation (2).

2
Number of samples above A2 < 100(%) (2)

ratio

Number of samples in one minute

3.2.2 FFT to angle transition

The change of direction in the movement track was observed
to consider movements of medaka. The change of direction is
represented as an angle transition to classify the movement.
Angle transition between two sampled times denoted as H is
calculated in the following equation. Here x, and y, show the
coordinate value for the x and y axes.
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Fourier transformation is used to transform signals in the
time domain to signals in the frequency domain [26]. We
apply the Fast Fourier Transform (FFT) to the signal of angle
transition in order to calculate energy. The FFT for a given
discrete signal x[n] is calculated using the following equation:

N
X[k]= Z]x[n].evj(zmcn/N)’ *)

n=0

After applying the FFT to angle transition, the power of FFT
(PF) is calculated using the following equation for the
amplitudes above a median.

: ®)

Here, x, is the amplitude above a median. We use all sets to find
the median in experiments. We are used to FFT power because
of the calculation in qualified angle transition. The PF is
employed as the second feature variable for pattern isolation.

3.2.3 Projection

Projection is a method of showing a shape in a two-
dimensional graph into a shape in a one-dimensional graph. In
this paper, the method of projection was used to observe and
understand the movement route of the medaka in a two-
dimensional space. The projection to the x-axis and the
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projection of the y-axis were calculated and then multiplied to
figure out the area of the movement track of the medaka. The
calculated area tells whether the medaka moved broadly all
over the tank or in a restricted area of the tank. The area
calculated was used as the third variable to classify patterns.

3.2.4 Fractal Dimension

In the fractal dimension, the spherical space, a cube or any
other solid bodies are 3 dimensions and a perfect square or
triangle is 2 dimensions a straight line or a curved line is 1
dimension the point is 0 dimension. The fractal dimension
represented a value between 1 dimension and 2 dimensions
depend on the bow degree. We analyzed the movement
behavior of medaka using the fractal dimension as the
characteristic variable. We defined the dimension about the
random shape in the fractal geometry as the equation as follows.

N=r" 6)

Where, N is a subpart number in each step, r is a scaling
factor. Log scale at both sides of the equation (6), fractal
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3.2.5 Center of Mass

Another variable to represent the movement behavior of
medaka is the center of mass. Because of the characteristics of
the medaka, medaka usually goes up to the surface of the water
in order to breathe and to eat foods. So in this paper, to record
and classify the trace when medaka stayed around the surface
of the water we used the center of mass. The equation of the
center of mass is as follows. The center of mass used in this
paper, applied only the value about y-axis to know the vertical
position of the medaka.

4. Pattern Recognition Results

4.1 Decision Tree Result

We analyzed movement tracks of the medaka using MTP.
The decision tree is employed and programmed to express the
classification in the form of a tree and as a set of /F-THEN
rules. In order to classify the patterns into active smooth, active
shaking, inactive smooth and inactive shaking divided by the
experts in fish behavior, the following features were used: high
speed ratio (HSR), power of FFT (PF), and area of projection
product (APP). These 3 features were used as input variables
for the decision tree. The training data for the decision tree
consisted of 30 data in each pattern: active smooth, active
shaking, inactive smooth, inactive shaking, and not determined.

We continue splitting nodes in successive layers until the
error on the validation data is minimized. Cross validation is a
model evaluation method that is better than residuals. The
problem with residual evaluations is that they do not give an
indication of how well the learner will do when it is asked to
make new predictions for data it has not already seen. One way
to overcome this problem is to not use the entire data set when
training a leamner. Some of the data is removed before training
begins. Then when training is done, the data that was removed
can be used to test the performance of the learned model. We
used a 10-fold cross validation for model evaluation. The data
set of the 10-fold cross validation is divided into 10 subsets,
and the holdout method is repeated 10 times. Result of this
method is shown in Fig. 4. The principal alternative approach
to stopped splitting is pruning. Fig. 5 shows the decision tree
applied to evaluated pruning. This benefit of this logic is that
the reduced rule set may give improved interpretation. At last,
we tested decision tree model with 50 data that is consist of 10
data from 5 patterns. Table 1 shows the result we tested
decision tree model.
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Fig. 4. Result of cross-validation (hold-out method)

Not D

PF<106.206
&

Inactive shaking
4

APP<1214

Inactive smooth
<

PF<109.974

HSR<49.3776

PF<124.389
@

APP<1375.5 Active shaking q

APP<1564.5

PF<117.776

Active smooth
<

Fig. 5. The decision logic for pattern classification generated
by decision tree applied to pruning. (HSR: high-speed ratio,
APP: area of projection product, PF: power of FFT)
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Table 1. Recognition rate of decision tree model.

Selected by
expert 10 10 10 10 10 50
Tested by
model 10 9 9 9 8 45
4.2 Neural Network Result

We used same data that is used to construct a decision tree
model to verify and learn neural network. In other words, we
extracted thirty data from each chosen patterns with the advice
from experts in fish behavior. We chose five numerical values
for the distinctive characteristics as input values and the pattern
as an output value. Preprocessing is essential in neural network
learning. The first reason why we preprocess the learning data
is that the importance of each input data is same and to protect
the logistical transition function from saturation quickly. And
the second reason is that output or goal data are within the limit
of the range that transition function can get. We performed the
linear transform about the transform of input data, and the
equation is as follows

0.8

Here, M is maximum input value, m is the minimum input
value, X is input value, and Y is transition value. Transition
data value is in 0.1 to 0.9. This transition function can be used
to transform the goal value. When logistical transition function
is used, the output always has to be transformed between 0.1
and 0.9. In order to pattern recognition we organized neural
network model. Neural network is made up of three layers,
which is consist of input layer, hidden layer, output layer. We
used 5 nodes for input layer, 4 nodes for hidden layer, and 1
node for output layer. We classified 5 patterns first. 5 patterns
are consist of 4 patterns classified by experts in fish behavior
and 'not determined' that is not belonged 4 patterns by experts.
In order to neural network learning, we: chose 5 characteristics
from 5 patterns as inputs. We performed learning with 150 data
that is consists of 30 data from each pattern. We have 2000
epoch to learn enough. :

We tested neural network model with 50 data that is consist
of 10 data extracted from every 5 behavior patterns. We
organized neural network using MATLAB tool box and
Simulink. Fig. 6 shows neural network structure for movement
behavior estimation. Fig. 7 shows the result we tested neural
network with 10 data from every behavior patterns. Table 2
shows the recognition rates of neural network model. Results
are similar to decision making tree model at Active shaking,
active smooth, inactive shaking, inactive smooth pattern. But
recognition rate at not determined pattern is a little low value.
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In this result, we chose the decision making tree model to
classify the training data.

Hidden layers Output layers Output

Inputs Input layers

Fig.6. Neural network structure for movement behavior
estimation

9] m ES AbMMBGY I
o8]
7, BpSAS
sl
e B DA L4 we &
#e
23] [
b
o ddintlaalids &
¢ (R S S S S

Fig.7. Results of the neural network.

Selected
by expert 10 10 10 10 10 50
Tested by

model 9 10 9 9 5 42

5. Behavior Analysis and Discussion

5.1 Analysis of Movement Behavior

The decision tree was applied into the movement tracks of
the medaka at real-time to classify patterns. We developed
models based on the classification and regression tree (CART)
in order to classify and recognize movement tracks of the
medaka for an insecticide. Matlab7.1 was used in order to
create the program. Results were calculated for the decision
logic for 60 minutes. The specimens used in the experiment
were 10 medakas treated with insecticide and 10 medakas not
treated with insecticide. The recognition is calculated by 5
patterns that includes “not determined.” “Smooth” means that
“active smooth” patterns and “inactive smooth” patterns
appeared in the decision tree logic. “Shaking” means that
“active shaking” patterns and “inactive shaking” patterns
appeared in the decision tree logic. “Not determined” means
that neither “smooth” nor “shaking” appeared in the decision
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tree logic. Fig. 8 shows the ratio of “smooth”, “shaking” and
“not determined” patterns in specimens without the insecticide.
“Smooth” is the sum of active smooth and inactive smooth
patterns. “Shaking” is the sum of active shaking and inactive
shaking. “Not” is the sum of patterns that are not inactive
shaking, not inactive smooth, not active shaking, and not active
smooth shown in Fig. 5. Among the 10 data sets, the
recognition rate of specified patterns in smooth and shaking is
in a range of 48~77% while the rate of average is 62.1%. Most
specimens showed more smooth patterns detected by the
decision tree logic. Fig. 9 shows the ratio of “smooth”,
“shaking” and “not determined” patterns in medaka that were
treated with medaka. Among the 10 data sets, the recognition
rate of specified patterns in smooth and shaking is 23~57% and
the recognition rate of average is 40.5%. The shaking pattern
has a higher observed rate than the smooth pattern regarding to
the medaka treated with insecticide The lower recognition rate
is observed in medaka that were treated with the insecticide
compared to the medaka that were not treated with the
insecticide. Unlike the data sets of specimens without the
insecticide, the data sets A’, B’, C’ which exceeded a 50%
recognition rate showed many shaking patterns. However, the
data sets of less than 50% showed a similar rate of smooth and
shaking patterns.
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Fig. 8. Recognition rate for each pattern in set of medaka
without the insecticide

Smooth @ Shaking O Not |
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Fig. 9. Recognition rate for each pattern in set of medaka
with insecticide

5.2 Discussion

This study demonstrated that behavioral differences of
animals in response to an insecticide could be detected by a
decision tree using 5 features of behavior. One difficulty of
conducting this type of monitoring study is the necessity of
handling a large amount of data. In this study, the data were
produced in every 0.25 second interval continuously for each
individual measurement period. This produced a gigantic
amount of data. The automatic pattern recognition system
solved this time-consuming problem in detecting response
behaviors. Besides time consumption in recognition, objectivity
in judgments for classification has been another problem for
manual recording. The application of machine intelligence to
behavioral data has the advantage of classifying the movement
patterns on a more objective basis. In this regard, the pattern
recognition by a decision tree was demonstrated as an
alternative to detecting the movement tracks of animals. These
points will help in the analysis of behavior patterns in not only
temperature elevation but also in different types of chemicals.
Another problem that arouses from this experiment is that
biological specimens such as the medaka show too many
different types of movement patterns. This makes selecting
certain characteristics for a pattern difficult. This is why so
many artificial systems such as neural networks and fuzzy are
being used [27-30]. However, although neural networks are
sufficiently able to differentiate patterns, it is impossible to
interpret exactly how much a certain pattern the specimen
shows.

Results revealed that after differentiating smooth and
shaking patterns through classification methods, insecticide
treatment caused the shaking ratio to increase. This can be seen
as a pattern that appears in response to sub-lethal treatments of
an insecticide, and is a process of adaptation. Smooth patterns
show less angle change than shaking patterns and can be seen
as a pattern without insecticide treatment, and it can be said
that it appears the most frequently. Through this research,
classification methods were devised using 4 characteristic
patterns and ‘not determined’ for the patterns that could not be
defined, based on the knowledge of experts. The used
classification methods were able to differentiate the 4 patterns
based on the observation of the five variables. And we could
find the decision tree is better than neural network in this
situation. However, more research must be done in order to
define the patterns that were ‘not determined.” Also, in order to
better observe the many movement patterns of the medaka,
more data sets should be examined and studied. Biologically,
results showed that variables such as smooth ratio vs. shaking
ratio distinguished before and after insecticide treatment in Fig.
8 and 9. It can be inferred from these results that the activity
did increase as the treatment began to rise. Although this is a
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short period of time it may be seen as a case of fast acclimation
to the insecticide by the medaka.

6. Conclusions

The complex movement data were used to be classified using
the decision tree logic and neural network learning with 5
features that could represent the movement tracks of medaka:
speed ratio, power of FFT, x- and y-axes projection product,
fractal dimension and center of mass. As new input data were
given to classification methods, it was possible to recognize the
change of pattern by examining the availability of insecticide.
In these cases, a new analysis can be done to add new patterns
and update. The results of the decision tree revealed that
whether the medaka was affected by insecticide or not, it
interpreted speed, angle, area of projection to x- and y-axes,
fractal dimension and center of mass using decision tree logic.
If this is applied to more data sets, it is thought that more
distinctive and accurate methods of differentiating the behavior
patterns can be created. Also, this research in differentiating
patterns may help in the field of research for the special
characteristics of living organisms. This research can help the
biosensor field in detecting defects in fish, or in finding out
other chemical toxicants that exist in the water by observing
specific behavior patterns of fish.
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