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ABSTRACT
Unsupervised cluster analysis is proposed for analysis of active avoidance formation in three groups of albino rats: 1)
Intact; 2) With electrolytic lesions of neocortex over the dorsal hippocampus; and 3) with electrolytic lesions of dorsal
hippocampus. The term “behavior vector” has been introduced to assess quantitatively the behavior of rats while learning. The proposed approach enables to assess active avoidance behavior in rats simultaneously by all the test parameters:
1) Reaction to the light; 2) Reaction to the electric irritation; and 3) Inter-trial spontaneous behavior. The animals were
grouped by their behavioral resemblance through the learning process. The proposed method facilitates the assessment
of learning capacities in animals and paves way for getting additional information concerning correlative relationships
between their learning skills and other neuroethological and neurobiological parameters.
Keywords: Behavior; Learning; Memory; Active Avoidance; Hippocampus; Neocortex; Unsupervised Clustering

1. Introduction
Sometimes it seems difficult to generalize the outcomes
of behavioral studies due to a large amount of experimental evidence on the features involved in formation of
adequate behavioral strategy. Thus, a mathematical approach to the problem in general, and quantification of
the measured parameters in particular, should be considered as most reasonable means to identify behavioral features and interpret obtained numeric data. Nowadays such approach is common to behavioral studies.
A wide range of mathematical methods has been proposed for the assessment of cognitive mechanisms involved in adaptive learning, repetitive decision tasks, reinforcement and strategic changes [1-5]. These references
along with the related work have contributed to understanding in depth the processes underlying behavioral
neuropsychology [6]. The clustering methods with different approaches and different focuses were used in
studies on learning, memory and behavior [7-13]. Mathematical methods generally gained a prominent position
within behavioral studies over the last centuries [1].
Accordingly, the objective of our study was to examine and confirm possibility of application of unsupervised cluster analysis algorithm for quantitative description
of behavioral conformities through active avoidance acquisition in different population of albino rats [14,15].
Copyright © 2012 SciRes.

Such approach enables to assess active avoidance acquisition revealing behavioral differences and similarities
among the animals within groups [16].
Efforts to reveal neuropsychological explanation to different behavioral processes were directed towards identification of brain structures involved in different types of
learning and memorizing. Hippocampus represents a structure specifically related to learning and mediation of behavioral processes [17-22]. We intended to contribute to
the investigation of functional significance of dorsal hippocampus in implementation of different behavioral tasks
by cluster analysis.
Animals’ learning abilities assessed by acquisition of
active avoidance were found to vary within the test groups.
Some of the animals were unable to meet learning criteria and consequently, several groups of animals with different behavioral capabilities—were identified and each
group included the animals with similar behavioral features. The method of automatic classification (cluster analysis) was applied in order to extract such groups from the
three populations of white rats: intact (INT); with electrolytic coagulation of neocortex above the dorsal hippocampus (NCC) and with electrolytic coagulation of dorsal hippocampus (DHPC).
The unsupervised clustering algorithm based on Parzen statistical estimation of probability density function
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for partitioning of rats according to their behavioral similarities were applied [14,15].
The term “behavior vector” for multiparameter description of behavior in learning process was introduced. The
components of the vector were behavioural parameters
measured for each animal and they took different numerical values during the experiment.
Such approach enables to classify the animals by their
learning abilities into groups according to the degree of
behavioral similarity. The behavioral parameters (features) getting different numerical values during the experiment compose the components for the behavior vector.
The observed behavioral parameters assessed experimentally were: 1) reactions to the light—avoidance reactions; 2) reactions to the painful foot-shock evaluated in
frequencies—escape reactions; and 3) inter-trial spontaneous behavior, measured in numbers of jumping onto
shelves. As all the three parameters were targeted and
served to preserve from painful stimuli, we characterized
the active avoidance learning by general analysis of values encompassing all the three parameters in total.

2. Methods
2.1. Subjects
Three different groups of 31 albino rats of both sexes
(with an average body weight of 150 g) were examined.
The animals were individually housed in stainless steel
cages in a room with natural lightdark cycle and constant
temperature of 20˚C ± 1˚C. The rats had free access to
food and water throughout the experiment. The animals
were numbered before the experiment and divided into
three groups designated as Group A (intact; No. 1 - 13; n
= 13), Group B (NCC; No. 41 - 49; n = 9), and Group C
(DHPC; No. 32 - 40; n = 9).

2.2. Apparatus
The apparatus consisted of a chamber (61 × 36 × 46) with
three walls and a lid made of dark opaque plastic with a
transparent frontal door. The floor of the chamber was
made of stainless steel rods (2 mm in diameter) that were
spaced 1 cm apart; the floor of the chamber was electrified. Dynamic shelves were attached to the lateral wall at
height of 11 cm onto which the animals could jump up
performing self-defensive behavior. The apparatus was
placed in an acoustically insulated room at constant temperature of 20˚C ± 1˚C. Illumination lamp of 60 l× was
used as a light stimulus.
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days with 10 trials p.d. In each trial of active avoidance
conditioning the avoidance was signaled by a single light
stimulus presented for 10 sec. The subjects could avoid
the painful foot-shock by jumping onto the shelves. If
they did not, after 10 sec on the background of condition
stimulus, the foot-shock current (25 mv) was delivered
for 5 sec through the grid. The rats could escape the
shock by jumping up onto the nearest shelf staying there
for 3 sec until they were forced to return to the floor.
Inter- trial period was scheduled by special program
(method of Monte-Carlo) that had been proposed to explore animals from different populations under identical
experimental conditions; during the inter-trial intervals
the rats could spontaneously jump up onto the shelves for
only 3 sec. since after that the experimenter lowered the
shelf and forced the animals to jump down to the floor.
The grid of floor and walls of the chamber were washed
with acetone, urine and/or feces were removed after
completing each test.
As mentioned, three behavioral parameters were used
to evaluate active avoidance conformities in albino rats:
1) jumping up onto the shelf as a response to the conditional (light) stimulus; 2) escape response to the unconditional stimulus (avoidable painful foot-shock coming
through the floor); and 3) spontaneous activity (jumping
onto the shelf) during the inter-trial intervals. Each experimental parameter was assessed quantitatively. The
frequencies of light-induced avoidance and shock-induced
escape behavior were measured for each animal tested
for acquisition of active avoidance task. Inter-trial activeity was measured in numbers relevant to spontaneous jumping onto the shelves.

2.4. Surgery
All surgical procedures were performed under aseptic
conditions. The rats were anesthetized with sodium pentobarbital (Nembutal 55 mg/kg, i.p.) and placed in a
stereotaxic instrument. An incision was made in the skin
covering the skull and the latter was leveled. The animal
had randomly received either electrolytic-induced lesions
of the dorsal hippocampus or neocortex over the dorsal
hippocampus. Electrolytic bilateral lesions of the hippocampus and neocortex were performed by passing a rectified current of 1.2 mA for 15 sec through stainless-steel
electrode (0.2 mm in diameter) uninsulated at the tip
(approx. 0.5 mm). The lesion coordinates were identified
on the basis of the rat brain stereotaxic atlas [24]. Each
animal was given a 7 day recovery period before testing.

2.5. Histology
2.3. Procedure
The scheme of the research was designed as described by
Tsagareli and Djgarkava [23]. The experiment lasted 20
Copyright © 2012 SciRes.

After completion of behavioral testing, the rats with lesions were sacrificed with an overdose of pentobarbital
(100 mg/kg, i.p.) and perfused transcardially with 0.9%
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NS followed by 10% formal saline. The brains were removed and stored in 10% formal saline. The brains of all
surgered rats were cut into 30 mm-thick horizontal sections. Verifications included estimation of hippocampal
and neocortical lesion extent.

3. Experimental Data Analysis
A wide range of statistical methods should be applied for
analysis of any behavioral parameters, but besides traditional statistic methods, the paper aims to propose the
cluster analysis for assessment of neuroethological data.

3.1. Statistical Analysis
Behavioral data were analyzed using factorial analysis of
variance (ANOVA) considering lesion and daily behaveioral session as grouping factors in order to analyze the
higher-order interactive effects of multiple categorical independent variables (factors) and to test for significant
effects of the lesion. Additional analysis was performed
using post hoc comparisons (LCD test) in cases where
significant effects were found. Differences were considered to be statistically significant at p < 0.05.

3.2. Cluster Analysis
Each animal placed in cabin was described by the “behavior vector” for multiparameter description of behavior
in learning process. The components of the vector were
behavioural parameters measured for each animal and they
took different numerical values during the experiment.
Consequently, several groups of animals demonstrating
different behaviour along the learning process might exist.
Unsupervised clustering algorithm based on Parzen statistical estimation of probability density function has
been used in order to partition the rats according to their
behavior similarities. The algorithm considers the case
when both the probability density of an initial data set
and the number of data classes are preliminary unknown
[14,15]. This enables to classify rats’ behavior by their
active avoidance acquisition ability [16].

4. Discussion
Data reported as the mean values ± S.E.M of three behavioral parameters for all the three animal populations are
presented in Figure 1. The curves demonstrate daily dynamics of behavioral parameters during the whole experiment (F (2,114) = 11.16, P <0.05).
At the early stages of the experiment it is shown that in
contrast to intact or NCC animals DHPC rats are not able
to perform escape behavior. During the following days the
escape reaction rates are rapidly increasing and reach the
criteria level on day 5 that is not observed in cases with
DHPC rats—the corresponding rates remained lower for
next few days.
Copyright © 2012 SciRes.
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The dynamics of avoidance behavior shows that the
DHPC rats perform avoidance from the 5th day of the experiment and despite the rates of avoidance are progresssively increasing, they remain lower than those for intact
and NCC animals (Figure 1). The intact and the NCC
rats reach the learning criteria level by day 13, but the
DHPC animals on day 15 (the learning criteria are accepted to be within rate ranges of 0.9 and 1).
When assessing inter-trial spontaneous behavior, the
NCC were found to be more active than the intact rats,
but the NCC were less active in comparison with the
intact and the NCC animals. The pattern of dynamics
was similar for all the studied groups—low at the beginning of the experiment, growing during the next few days
with the following decrease of rates (Figure 1).
It is obvious that the escape frequency score significantly differs between Intact-DHPC and NCC-DHPC
groups at the initial stage of the test (A), but avoidance responses score remained significantly different through the
whole experiment with lower rate in DHPC rats (B);
Mean value of inter-trial spontaneous activity assumes
that there is statistically significant difference among all
studied groups; Inter-trial behavior is statistically different in all groups at significance level p < 0.05.
It is obvious from the curve patterns that the rats promptly escape from painful foot-shock stimulus (sharply
increasing escape responses), but acquisition of avoidance reaction to the light is comparatively slow. Throughout the experiment elaboration of optimal self-defensive
behavioral algorithm takes place in experimental animals:
the rats begin to learn that staying on shelves helps them
to avoid induced painful stimulus (foot-shock) stress and,
consequently, the frequencies of avoidance responses are
increasing. The variation in dynamics of inter-trial spontaneous behavior seems to be interesting—the rate of spontaneous jumping onto the shelves still remains at rather
low level until the animals infer that staying on shelves is
a self-defense behavior. The avoidance responses correlate with spontaneous activity causing increase of the
latter (beginning from the 5th day and lasting up to the
13th day). On the 14th day, after the learning criteria level
has been reached in all the three studied populations, the
inter-trial spontaneous activity begin to decrease and such
dynamics is maintained up to the end of the experiment.
All the behavioral activities (escape, avoidance or inter-trial spontaneous activity) serve for the main strategy
minimize painful stress throughout experimental treatment—to learn to jump onto the shelf. Consequently, in
order to assess the roles of studied structures (dorsal hippocampus and neocortex) in learning processes the simultaneous treatment of all the three behavioral parameters and identification of common behavioral parameter
are recommended. In addition, revealing individual behavioral parameters and grouping animals by their behavioral resemblance also seem desirable.
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(a)

(b)

(c)

Figure 1. Dynamics of self-defensive behavior during the active avoidance memorization: (a) Escape responses to pain- ful
foot-shock; (b) Avoidance responses to conditional (light) stimulus; (c) Inter-trial spontaneous activity.
Copyright © 2012 SciRes.
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The analysis of 20-day experiment dynamics of three
behavioral parameters revealed learning based adaptation conformities of animals to the aversive conditions
different among the populations. The significance of differences between the studied populations obtained by
factorial analysis of variance considering lesion and
daily behaveioral session as grouping factors is shown
on Table 1.
In case of finding significant effects additional analysis was performed using post hoc comparisons (LCD test)
revealing daily differences in escape, avoidance and spontaneous behavior between the studied groups (“+”: significant differences, p < 0.05000; “–”: no significant differences, p > 0.05000) (Table 1).
However, considering differences between the mean
values it seems to be the case that these differences do
not reflect behavioral patterns for each individual in full.
The populations involve animals with either high or low
learning abilities. It should also not be excluded that the
representatives of different populations might have similar learning skills. Proceeding from that, it seems significant to apply the relevant approach aimed at grouping
animals by their behavioral resemblance.
Cluster analysis for classifying the animals through the
learning process into classes by the degree of behavioral
similarity throughout multiparameter assessment has be-
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en used.
Cluster analysis of experimental data involved all three
groups: intact, NCC and DHPC rats (31 animals, in total).
The proposed approach enabled us to assess active avoidance formation conformities in the studied groups by total analysis subjected to overall parameters. Consequently,
as a result of cluster analysis, all the studied rats from
different populations were classified into classes according to their behavioral similarities. Each of them included
animals with similar learning abilities.
Distribution of the extracted classes obtained by use of
cluster analysis of the 31 rats from different test groups
was defined. The class number change dynamics (Figure
2) and relative frequencies of homogeneous classes were
assessed (Figure 3).
The relative frequency of appearance of class 1 significantly differed from the other. As for the classes 2 and
3 (Figure 3), their frequencies were significantly lower
than that for class 1, however, they exceeded the other
classes not included in the final analysis due to their extremely low frequencies.
The first class involved rats with most resembling behavioral patterns during active avoidance acquisition and
every next class exhibited less similarity to it (Figure 3).
We revealed the groups with prevalence of animals of
class 1 that was assessed in percentage (Figure 4).

Table 1. The significance of differences among the studied populations obtained by factorial analysis of variance.
INTACT vs. DHPC

INTACT vs. NCC

DHPC vs. NCC

Days

Escape
Behavior

Avoidance
Behavior

Spontaneous
Behavior

Escape
Behavior

Avoidance
Behavior

Spontaneous
Behavior

Escape
Behavior

Avoidance
Behavior

1

+

–

–

–

–

–

+

–

–

2

+

–

+

–

–

–

+

–

+

3

+

+

+

–

–

–

+

+

+

Spontaneous
Behavior

4

+

+

+

–

+

+

+

+

+

5

–

+

+

–

–

+

–

+

+

6

–

+

+

+

+

+

+

+

+

7

–

+

+

+

+

+
–

+
–

+
–

+

+

+

9

–
–

+
–

+

8

+

+

–

–

–

–

+

+

10

–

+

–

–

–

–

+

+

11

–

+

+
–

–

–

–

–

+

+

12

–

+

–

–

–

–

–

+

–

13

–

+

–

–

–

–

–

+

–

14

–

–

–

–

–

–

+

15

+
–

–

–

–

16

+
–

+
–

–

–

–

–

–

+
–

+
–

–
–

17

–

–

–

–

–

–

–

–

–

18

–

–

–

–

–

–

–

–

–

19

–

–

–

–

–

–

–

–

–

20

–

–

–

–

–

–

–

–

–
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Relative Frequencies

Figure 2. The class number change dynamics in the course of 20 day.

Classes

Figure 3. Relative frequencies of different classes defined by cluster analysis.

Figure 4. Percentage of the animals involved in class 1 from
different test groups.
Copyright © 2012 SciRes.

Proceeding from the analysis of experimental data, it
was established that 24% of intact, 35% of NCC and 26%
of DHPC rats were not included in class 1 (Figure 4).
Therefore, in order to assess quantitatively individual
learning abilities and taking into account the fact that large majority of the animals were referred to class 1, the rats
appearance frequency in class 1 (frequency range 0 - 1)
was conditionally divided into four frequency intervals
(0.90 - 1; 0.80 - 0.89; 0.70 - 0.79; 0.60 - 0.69).
The number of the appearances in class 1 has been divided by the number of days in order to calculate the appearance frequency for each rat. This enabled us to identify the mixed groups each containing the animals with
different learning abilities of active avoidance through 20 day experiment. Distribution of the tested animals (numbered) within the frequency intervals is shown on Table 2.
The frequency interval of 0.9 - 1 included only the rats
being most successful by their active avoidance behavior
—superior learners (3 intact rats). The animals of the second rate group—good learners (0.8 - 0.89) included the
JBBS
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Figure 5. Distribution of the animals (class 1) with different learning abilities in divided frequency intervals.
Table 2. Distribution of tested animals (numbered) within
the frequency intervals.
Frequency Ranges
Groups
0.9 - 1

0.8 - 0.89

0.7 - 0.79

0.6 - 0.69

INTACT

2, 7, 11

8

1, 3, 4, 5, 6, 10, 12, 13

9

NCC

0

41, 42, 43

45, 46, 47, 48, 49

44

DHPC

0

32, 38

33, 34, 35, 36, 37, 39, 40

0

died animals from different populations by their behaveioral similarities. Besides, the proposed approach is suited
for the assessment of learning capacities of animals. It
also facilitates getting additional information and defining correlation between the learning skills and other neuroethological and neurobiological parameters.
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