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Personality differences are an important part of animal behavior research and a potential

factor affecting the physiochemical response of animals to stimuli. Therefore, accurate

classification of personality has an impact on animal experiment research that cannot be

ignored. However, no completely objective methods have been noticed hitherto to be

employed in aquatic animal personality studies. To address this issue, we established a

personality analysis method based on machine learning (PAML) to avoid the influence of

subjective factors. Thenwe analyzed the personality changes of swimming crabPortunus

trituberculatus exposed to external stimuli i.e., food deprivation. Results showed that

the high-accuracy PAML method could provide a comprehensive understanding of crab

personality classification. Based on PAML, the personality of P. trituberculatus was

detected to change dynamically under stress. After analyzing three typical personality

characteristics: boldness, activity, and hesitancy, we found that the stability of boldness

was the strongest, which is the best single candidate for personality evaluation, while the

activity changed greatly under stress. This study confirms that animal personality changes

dynamically with external factors. Based on PAML, we can not only avoid subjective

factors and improve classification accuracy, but also quantitatively trace the dynamic

influence of external factors on aquatic animal personality.

Keywords: Portunus trituberculatus, machine learning, clustering analysis, animal personality, dynamic change

1. INTRODUCTION

The ubiquitous personality differences among conspecific individuals can affect their behaviors
such as struggles (Rudin and Briffa, 2011) and physiological response mechanisms (Careau et al.,
2008), and therefore affect animal adaptation to the environment. However, in previous studies, the
influence of personality differences on animals in nature or in the laboratory was not paid enough
attention to. In this respect, scarce works are only noticed in pure animal behavior studies. This
is speculated to be mainly related to the lack of personality classification criteria. Throughout the
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animal personality research work, due to the subjective
factors, animal behavior research work often has “personality”
differences. That is, the result of personality classification is
highly depends on the subjective perspective of the researcher.
The same data may end up with different classification results
due to the different views which are often subjective. Therefore,
eliminating the influence of subjective factors and establishing
the classification criteria have become the key to studies on
animal personality and environmental adaptation mechanism.

Machine learning based on solid statistical theory is an
important method for data mining. It can make full use of the
statistical characteristics of data and obtain more scientific results
based on the inherent laws of data such as data distribution. It
has been widely used in computer science (Jordan and Mitchell,
2015), biomedicine (Zou et al., 2017; Michael et al., 2018;
Wainberg et al., 2018), etc. In recent years, the role of machine
learning in animal behavior analysis has also received increasing
attention (Valletta et al., 2017). For example, social network
based onmachine learning helped reveal the cooperative foraging
relationship between adult birds of Corvus monedula and
between adult birds and chicks (Valletta et al., 2017). A method
based on decision tree and hidden Markov model can improve
the recognition accuracy of dog static (e.g., sitting, standing,
and lying) and dynamic (walking and climbing stairs) behaviors
(Brugarolas et al., 2013). These studies confirm that machine
learning methods can better understand the relationship between
animal behaviors from complex multidimensional variables than
classical methods (Valletta et al., 2017). Therefore, construction a
standard method for personality classification based on machine
learning is reasonable and convincing. Unfortunately, related
studies are limited to terrestrial animals, and there are few reports
in aquatic animals.

The large number of appendages endows crustacean with
a rich behavior language. Therefore, crustaceans are ideal
for studying aquatic animal behavior. The swimming crab
Portunus trituberculatus, a crustacean species widely distributed
in the Northwest Pacific, was used in this study. Based on
the distribution of the data, unsupervised learning K-Means
algorithm (Hartigan and Wong, 1979) is used to cluster
crab personality into, for example, brave individuals and
shy individuals. Animal personality has been reported to be
environmentally dependent (Gherardi et al., 2013; Zhao and
Feng, 2015) and food resource is an important external factor
that affect animal behavior. Therefore, after clustering analysis,
Support Vector Machine (SVM) (Burges, 1998) algorithm is
further employed to analyze dynamic changes of the swimming
crab personality following food deprivation. This study aims to
provide a scientific reference for improving the objectivity and
accuracy of aquatic animal personality recognition.

2. MATERIALS AND METHODS

2.1. Ethics Statement
All animal experiments were conducted in accordance with
the guidelines and approval of the respective Animal Research
and Ethics Committees of Ocean University of China [Permit
Number: 20141201 (http://www.gov.cn/gongbao/content/2011/

content_1860757.htm)]. The field studies did not involve
endangered or protected species.

2.2. Animal Collection and Maintenance
The experiment was conducted from July to August 2017 at
the Key Laboratory of Mariculture, Ministry of Education,
Ocean University of China, Qingdao, China. Swimming crabs
were collected from the aquaculture facility in Jiaonan District,
Qingdao, and were housed in individual aquaria (40.5 L, 45×30×

30 cm) with filtered seawater at 24 ± 1◦C and salinity 30. Crabs
were allowed to acclimate for 2 weeks before the experiment. The
photoperiod was 12 :12 h light: dark. The crabs were fed at 08:00
h every morning with Manila clams (Ruditapes philippinarum).
After 3 h of feeding, feces and residue bait were removed to
keep water quality. The seawater was exchanged once daily. The
aquaria were continuously aerated.

2.3. Experimental Process and Behavior
Information Collection
Using the personality behavior observation system established
in our previous study (Su et al., 2019), behavior observations
were carried out on acclimated swimming crabs at intermolt
stage with normal feeding and complete appendages. The crabs
were allowed to acclimate for 10 min in the shelter, and then
the trapdoor was remotely opened, thus allowing the crabs
to access the experimental area while the infrared cameras
recorded their behaviors. We placed one swimming crab in each
shelter. The trials were started at 08:00 h and were terminated
after 24 h. A total of 88 swimming crabs were observed and
photographed. After that experiment, the swimming crabs were
starved, and personality behaviors were observed after 6 and
12 days of hunger. During the study, a quiet environment
and evenly distributed light were provided, and the conditions
of light and water temperature were the same as during
the maintenance period. After the behavior observations were
completed, the videos were analyzed using behavior analysis
software (Etho Vision XT 10) to quantify the boldness, activity,
and hesitancy of the individual crab according to our previous
study (Su et al., 2019).

2.4. K-Means and SVM Analysis
2.4.1. K-Means

K-Means algorithm is a classical unsupervised clustering
algorithm based on iterative solution in the field of machine
learning (Hartigan andWong, 1979). For the K-Means clustering
algorithm, the key problem is to select the number of clusters.
It is challenging to determine the number of clusters without
precedent reference. In this case, the Elbow Method can be used
to decide the appropriate number of clusters. Elbow Method
aims to optimize the within-cluster Sum of Squared Error
(SSE) based on the Euclidean distance to find the optimal k-
value. A commonly used distance metric is the square of the
Euclidean distance:

d(x, y)2 =

n
∑

i=1

(

xi − yi
)2

= ‖x− y‖22 (1)
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FIGURE 1 | SSE and k relationship diagram. SSE decreases with the

increasing number of k. The optimal k is where the SSE decreases the most

drastically. In this diagram, the optimal k can be 2 or 3. According to our study,

we choose 2 as the optimal k.

in the equation, x and y represent two different sample points,
and n represents the dimension of the sample (the number
of features).

The SSE calculation formula is as follows:

SSE =

k
∑

i=1

∑

x∈Ci

(Ci − x)2 (2)

in the equation, k represents the number of cluster centers, Ci

representing the i-th cluster center, and x is the sample point
belonging to Ci. The smaller the SSE value, the smaller the gap
within the cluster and the better the clustering effect. It is easy
to understand that if the number of clustering center equals to
the number of samples, the SSE is 0. But that is meaningless.
So the optimal k is where the SSE decrease the most drastically.
The relationship between the experimental data SSE and k in this
study is shown in Figure 1.

In this study, K-Means is applied to do cluster analysis
based on the three personality characteristics of the boldness,
hesitancy and activity of the swimming crabs separately. Then,
considering all the personality characteristics simultaneously, K-
Means is applied again for clustering analysis. Referring to the
results of the Elbow Method (Figure 1), optimal cluster value
k is determined to be 2. When all three factors are considered
for clustering analysis simultaneously, Min-max normalization
was processed to ensure that the transformed numerical range
of the original data sequence is unified in the interval [0, 1],
thereby eliminating the numerical difference between different
personality characteristics. Because the clustering is based on the
Euclidean distance, thus the numerical difference has influence
on the clustering result. To avoid this difference, min-max
normalization is necessary. Min-max normalization equation is

as follows:

yi =
xi −minX

maxX −minX
(3)

then the new sequence y1,y2,· · · ,yn ∈ [0,1]. Once the clustering
is finished, the SSE value is used as the score to evaluate the
clustering effect.

2.4.2. SVM

After clustering by K-Means algorithm, each individual data of
swimming crab is labeled. Then the data can be classified by
supervised learning algorithm. In this way, the influence of each
part on classificationwhich is the weight of each factor is analyzed
and quantified. Support Vector Machine (Burges, 1998), SVM
for short, is a classical supervised learning algorithm. It has been
widely used in various fields (Mohandes et al., 2004; Widodo and
Yang, 2007) and been paid attention for improvement (Lin and
Wang, 2002; Sun et al., 2018). For crab personality trait dataset
D = (x1,y1), (x2,y2),· · · , (xm,ym), SVM can be used to obtain
a maximum-margin hyperplane, separating the samples into
different personality groups based on the distance from the point
to the hyperplane. The distance from the point to the hyperplane
in space can be described by the following linear equation:

WTx+ b = 0 (4)

where W is the normal vector, which determines the direction
of the hyperplane. b is the bias, which determines the distance
between the hyperplane and the origin. Suppose the hyperplane
can correctly classify the training samples, i.e., for training
sample (xi,yi):

{

WTx+ b ≥ +1 yi = +1

WTx+ b ≤ +1 yi = −1
(5)

this formula is called the maximum interval hypothesis, which is
equivalent to:

yi

(

WTxi + b
)

≥ +1 (6)

finding the closest point to the hyperplane is the first step for
the algorithm. The distance between the point closest to the
hyperplane is the margin, and the sample points which are closest
to the hyperplane are called the Support Vector. Concretely, the
margin can be calculated as the following formulation:

margin(w, b) = min
w,b,xi ,i=1,2...n

1

‖w‖

∣

∣

∣
WTxi + b

∣

∣

∣
(7)

the optimization of the support vector machine is to maximize
the margin, i.e., maxmargin(w,b). Since for a certain problem, it
is often a certain value, so we need to optimizeW that we want to
get a γ , to make sure that:

γ = max
1

‖W‖
(8)

through the analysis the specific values of W, the weight of
each dimension for the classification hyperplane which means
can be calculated the weight of each personality feature in the
personality classification can be calculated.
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FIGURE 2 | Clustering result based on activity. (A–C) Represent the clustering results after 0, 6, and 12 days of starvation, respectively. The score is the SSE value of

each clustering result. (D) Shows the changes in activity under different starvation conditions. In the clustering graph based on three factors, since the data is

normalized, the values of all the influencing factors are scaled to 0–1. BP represents brave individual and SP represents shy individual. The following is the same.

FIGURE 3 | Clustering result based on boldness. (A) Result under 0 day starvation. (B) Result under 6 days starvation. (C) Result under 12 days starvation. (D)

Changes in boldness under different starvation conditions.
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FIGURE 4 | Clustering result based on hesitancy. (A) Result under 0 day starvation. (B) Result under 6 days starvation. (C) Result under 12 days starvation. (D)

Changes in hesitancy under different starvation conditions.

TABLE 1 | Correlation analysis between different personality characteristics of

swimming crab under starvation conditions.

Correlation Starvation(d)

coefficient 0 6 12

Activity–Hesitancy −0.518 −0.482 −0.685

Activity–Boldness 0.683 0.864 0.838

Boldness–Hesitancy −0.41 −0.502 −0.607

3. STATISTICAL ANALYSIS

The experimental results in this study were expressed as mean
± standard deviation (Mean ± SD). The Friedman rank sum
test was used to analyze the effect of hunger on personality
characteristics. When the P-value of the experimental results is
smaller than 0.05, the difference is statistically significant.

4. RESULTS

4.1. Cluster Analysis and Dynamic Changes
of the Swimming Crabs Based on Activity
Figure 2 showed the clustering results of the activity of
swimming crabs in different starvation periods. In the figure,
all data points were grouped into two categories according
to the principle that the gaps within the cluster were small
and the gaps between the clusters were large. The inter-cluster

spacing based on activity clustering was similar under different
starvation time conditions (Score = 328 for no starvation, 361
for 6 days starvation, 405 for 12 days starvation), and the
ratio between different classifications was basically unchanged
during the experiment (Figures 7D–F). Figure 2D showed that
the activity of the crab significantly increased after starvation
[χ2(2)= 14.68, P= 0.001], but the activity after 6 days starvation
is similar to that after 12 days starvation.

4.2. Cluster Analysis and Dynamic Changes
of the Swimming Crabs Based on Boldness
In the different starvation periods, the swimming crabs were
divided into two categories based on boldness (Figures 3A–C).
The inter-cluster spacing based on boldness was different in
different starvation conditions, and the score after starvation was
(664.6 for 6 days starvation and 657.2 for 12 days starvation)
higher than before starvation (398.4 for no starvation), and the
proportion of the two personality categories changed slightly
(Figures 7D–F). The starvation had no significant effect on the
boldness of the swimming crabs [χ2(2) = 1.65, P = 0.439;
Figure 3D].

4.3. Cluster Analysis and Dynamic
Changes of the Swimming Crabs Based on
Hesitancy
Figures 4A–C showed that the inter-cluster spacing based on
hesitancy was quite different: the score for no starvation
was 175.6, and the score for 6 days starvation and 12 days
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FIGURE 5 | Clustering result based on three personality characteristics. (A) Result under 0 day starvation. (B) Result under 6 days starvation. (C) Result under 12

days starvation.

starvation was 89.7 and 192.6, respectively. The proportions
of the two personality categories based on hesitancy remained
essentially unchanged under different starvation conditions
(Figures 7D–F). It is worth noticing that the proportion of two
different personality categories are quite different from the results
based on activity and boldness. It is mainly because that the
distribution of the data is apparently different. Statistical analysis
showed that starvation significantly affected the hesitancy of the
swimming crabs [χ2(2)= 29.44, P < 0.001; Figure 4D]. The crab
hesitancy at no starvation was significantly higher than hesitancy
at 6 days starvation, but significantly lower than hesitancy at
12 days starvation, and the hesitancy at 6 days starvation was
significantly lower than at hesitancy at 12 days starvation.

4.4. Personality Cluster Analysis and
Dynamic Changes of Swimming Crab
Among the different personality characteristics, the activity vs.
hesitancy, boldness vs. hesitancy were negatively correlated, and
the latter correlation increased at 6 and 12 days starvation,
while the former correlation only increased at 12 days starvation
(Table 1).

We observed a positive correlation between boldness and
activity. Under starvation conditions, the correlation between the

two factors was enhanced, but the difference was extremely small
at 6 and 12 days starvation.

The personality clustering analysis for swimming crabs
is more objective when considering all the personality
characteristics. The results of the personality classification
of the swimming crabs were relatively different under different
starvation conditions (Score = 143 for no starvation,
282 for 6 days starvation, 205 for 12 days starvation;
Figure 5).

The results of SVM showed that boldness and activity
were positively correlated with personality classification, while
hesitancy was negatively correlated with personality classification
(Figures 6A, 7A–C).

With the starvation time prolonged, the weight of boldness
in the classification of personality was relatively stable, while
the weight of activity showed a downward trend, and the
weight of hesitancy changed drastically, decreasing first and then
increasing (Figures 6A–C).

5. DISCUSSION

Personality researches are beneficial for understanding how
animals adapt to the environment. For example, the boldness
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FIGURE 6 | Analysis of the influence of the three factors on the swimming crabs personality classification based on SVM. (A–C) The results of analysis at 0, 6, and 12

days starvation. Each axis represents the corresponding factor and its weight or influence.

of animal is closely related to predation and avoidance
(Biro and Dingemanse, 2009; Biro et al., 2009). This can
also improve the ecological control measures and therefore
guide production activity. Moreover, animal personality is
closely related to laboratory research. Existing researches have
shown that body metabolism (Careau et al., 2008; Guenther
and Trillmich, 2015), neuroendocrine regulation and other
stress capabilities (Archard et al., 2012; Zhao and Feng,
2015; Beekman and Jordan, 2017) are related to animal
personality, which makes people wonder: in the animal-
related research results, how important are the personality
factors? Thus, accurate recognition of animal personality is an
important basis for interpreting research results to reveal the
physiological and ecological adaptation mechanisms of animals.
Although scholars have paid attention to the relationship
between animal behavior and physiological and ecological
regulation, related studies especially on the aquatic animals
remain scarce.

In this study, we explored the effects of machine learning-
assisted animal behavior studies in the P. trituberculatus,
representative of aquatic animals. It is verified that the
PAML can reduce the subjectivity of animal personality

recognition, and trace the dynamic changes of personality under
external stress.

In previous personality studies, although some methods had
been made to evaluate the characteristics such as boldness
and activity, how to integrate these indicators to classify
personality has always lacked objective criteria. In the past,
some studies have carried out on personality classification based
on the scores of key features (Zhang et al., 2017), but the
evaluation of “intermediate zone” often has problems such as
vague or subjective definition, which confines the significance
of related works. To overcome this problem, in recent years,
classical statistical methods, such as PCA and correlation
analysis, have been used in more and more animal personality
research (Brown et al., 2005; Moretz et al., 2007; Toms et al.,
2010).

However, it should be pointed out that the PCA can only
reduce the dimensionality of the original data, eliminate some
factors with strong correlation, and analyze the factors with
the most influence. In previous behavior classification studies,
which has used PCA, were only based on reanalysis of PCA
results (Visser et al., 2003). Correlation analysis simply describes
the correlation between experimental data to describe the
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FIGURE 7 | Relationship between personality classification and different personality characteristics of swimming crab. The result is based on the clustering

considering all the three factors. P1 is the brave individual; P2 is the shy individual; AC is activity; HE is hesitancy; BO is boldness. (A–C) The results of starvation for 0,

6, and 12 days. Each square represents an individual animal. For a personality characteristic, the more the color tends to red, the stronger the personality

characteristics numerically; the more the color tends to blue, the weaker the personality characteristics numerically. (D) Personality proportion under 0 day starvation.

(E) Personality proportion under 6 days starvation. (F) Personality proportion under 12 days starvation.

relationship between various aspects of the organism (Su et al.,
2019), but cannot perform cluster analysis or quantitatively
analyze multi-factor impacts. In contrast, the PAML method
proposed in this study can conduct a more comprehensive
and direct analysis of the original data based on K-Means and
SVM, which not only realizes an objective classification of the
personality types of the swimming crabs, but also can evaluate the
influence of different personality characteristics on personality
classification. The study found that with the increase of starvation

time, the proportion of different crab personalities was quite
different, indicating that the animal personality is dynamic rather
than static when external factors change. Therefore, based on
PAML, the conclusions of this study are more abundant and
comprehensive than the classical statistical methods such as PCA.

The PAML method can be expected to have more extensive
application value.

Although evidences have shown a correlation between animal
personality characteristics, such as boldness and activity, and
predation/anti-predation ability (Toms et al., 2010), results of
this study confirmed that the correlation between personality
characteristics of swimming crabs was not stable. With the
influence of the environment, the positive correlation between
boldness and activity is weakened, and the correlation with

hesitancy is enhanced. Taking these studies and our results
all into consideration, it comes to that animal personality
is environmentally dependent, and changes dynamically
with environmental influence. Among the three personality
characteristics in this study, the PAML method confirmed
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that boldness had the greatest contribution to personality
classification and the highest stability, so it is suggested to
be the best single candidate for personality evaluation. Since
the level of activity is not only affected by predators, but also
related to the body’s metabolic capacity (Sih et al., 2004; Moretz
et al., 2007), a great impact of starvation on activity can be
expected. This viewpoint was confirmed by our results that as the
starvation time prolonged, the activity of the crab significantly
changed. Because the metabolic level of animals tends to change
dramatically when environmental factors change (Uliano et al.,
2010; de Souza et al., 2018; Madeira et al., 2018). Therefore, it
can be further speculated that animal activity will also change
significantly and thus will not have the ability to stabilize.

6. CONCLUSION

In this study, the personality characteristics of boldness, activity
and hesitancy of P. trituberculatus are explored based onmachine
learning. The established method PAML can avoid subjectivity
in personality classification. Comparing with classical method
such as correlation analysis and PCA, PAML further improves
the accuracy of classification and provide a more comprehensive
insight into animal personality. Additionally, PAML can help
monitor the starvation-induced dynamic changes of personality
characteristics of P. trituberculatus. Among them, boldness
has the highest and most stable contribution to personality
classification, and it is the best single candidate for personality
evaluation. Although this study preliminarily explores the
differences between the PAML method and classical methods, it
still needs further animal experiment verification, which will be
carried out in our future works.
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