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Abstract

In order to analyze emotional state and movement for desirable life, we con-
sidered a topological analysis of mind for the representative people whom
were, in this case, athletes. The utterances were acquired from online articles
that included statements they made during interviews. The sampled data was
processed with TF-IDF, BLSOM, and fuzzy clustering technique. The resul-
tant mapping provides a typical emotional state and movement in the ex-
tracted axes so that one can discuss the athletes’ psychological transition on
this map. The proposed procedure was significantly effective at presenting the
player’s emotional interest and motivation.

Keywords
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1. Introduction
1.1. Background of the Present Study

States of mind demonstrate significant variation, so their diagnoses are an in-
credible task for researchers. In order to perceive an individual’s state of mind,
many visualization techniques have been developed in science, engineering,
medicine, and other fields. In the present paper, we will discuss a visualization
technique with which to represent mental states and motions. Since emotion has
no entity, the representation technique requires technical knowledge to analog-

ize relationships between an event and emotion. In extant literature, we are able
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to find some pioneer studies on the general representation relating to art, culture,
education, and psychology, and so on, such as the pattern variation of literature
(Inami et al., 2013), the relations in a human group (Namekawa et al., 2014), and
the counseling record and the characterization of personality (Heliang et al.,
2014). Traditionally, an individual mind has been inspected and evaluated by
psychology experts in each particular field. A specially developed visualization
technique in each category has been adapted to diagnostics to communicate
knowledge among psychology experts, or the professional and the layperson. In
this paper, we will discuss an emotional topology with a unique visualization
method that employs mathematical analysis to recognize an individual’s emo-
tional states, emotion, and changes.

Now, in the realm of psychological support, the process of resolving or pre-
venting psychological problems and facilitating recovery from mental illness of-
ten requires accurate recognition of individuals’ mental state. According to re-
cent developments in culture and thought, as well as the drastic progression in
communication protocol, the psychological states of individuals represent a va-
riety of forms and diverse styles. Therefore, we must comprehend and digest
complex problems and anxieties. A client’s accurate psychological assessment is
vital for third parties to provide mental support that accounts for individual cas-
es and diverse, complex, challenges.

These previous assessments have been performed according to the policy of
the researchers and the situation of each object. The psychological assessment
protocol should be selected depending on the methodology of each research field.
Here, the common protocols that have been used in previous research are as fol-
lows: 1) case event information collection, 2) information analysis and support
planning, 3) change identification and treatment improvement (Arai & Shoji,
2014). For protocol 1), we used to adopt some methods, such as an interview, an
observation, or psychological tests, and so on, so that the data regarding the
psychological state and characteristics of the client could be acquired. In this
process, it is necessary not only to conduct the surveys using questionnaires, but
also to collect the data widely by focusing on a client’s utterances through an in-
terview in order to clarify the problems and psychological features for each indi-
vidual.

In addition, in qualitative assessments and surveys including interviews, ad-
vanced expertise is required to collect, analyze, and evaluate effective data.
Therefore, psychological counselors bear heavy burdens in facing the difficulty
of sharing a common recognition between the clients and counselors about the
evidence of the assessment. Nowadays, since we perform such assessments by
involving different experts and teams, a systematic protocol should be developed
with identification regarding recognition for the client’s situation by experts and
non-experts alike. For this sake, quantitative analysis should be applied to qua-
litative data, such as utterances in an interview, to extract essential property.
Thus, effective visualization of the clients’ characteristics is an inevitable process

for intuitive recognition.
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1.2. Proposal of the Present Study

The present study was conducted with quantitative analysis by using a text min-
ing on the utterances of objectives in an interview-based article that appeared on
the internet. Based on the utterances of the targets in the interview, we tried to
quantify the psychological state of each person. In the present study, an inter-
esting technique has been proposed to visualize the relevance and time sequence
of multidimensional data, via transformation into two dimensions by combining
self-organizing maps (SOM; Kohonen, 1995; Kanaya et al., 2001). Such an ap-
proach is a nonlinear analysis method with unsupervised learning and fuzzy
cluster analysis, which is effective as a processing tool to quantify an ambiguity

that is inherently included in natural language processing (Shinkai, 2008).

1.3. Previous Studies

1.3.1. Text Mining with Verbal Analysis

First, let us describe text mining with verbal analysis. This technique is well
known as a method of applying quantitative analysis on text data (e.g., a speech,
description, newspaper article, novel sentences, and other types of communica-
tion). The vector space method (Salton et al., 1975) is known as an attractive
technique for searching and classifying the documents. By using this method,
the individual documents are characterized with vectors (the frequency at which
keywords appear as specific phrases included in the document, which are re-
ferred to as document vectors in this study), and retrieval and classification is
possible. Now, since the number of keywords corresponds to the dimension of
the vector (i.e., the number of components), the document vectors usually con-
stitute multidimensional vector data. In order to classify and cluster such multi-
dimensional data, a suitable technique has been used to reduce the dimension,
such as latent semantic indexing (LSI; Deerwester et al., 1990), principal com-
ponent analysis, factor analysis, and so on. These analyses make it possible to
reduce a high-dimensional document vector to a low-dimensional space so that
we can obtain a representation with two- or three-dimensional charts to provide
as an overview of our understanding. Such processing is very effective and fruit-
ful, whereas an essential information loss is inevitably involved. In addition,
since the document vectors that are quantified by text mining in interviewing,
etc., are fundamentally qualitative data, we cannot expect a linear correlation
and should suppose a more complicated correlation structure.

For this reason, we propose an effective combination of SOM and fuzzy clus-
ter analysis. SOM is a nonlinear analysis method that makes it possible to vi-
sualize the classified result on a two-dimensional plane. An important advantage
of SOM is that the data can be analyzed while maintaining the topological order
of data in a multidimensional space. In addition, by classifying the data on the
two-dimensional map that is obtained as the output result, there is a possibility
of interpreting the psychological state indicated for each individual and extract-

ing a primary emotional axis for psychological evaluation.
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1.3.2. Evaluation of Axes of Emotion

The previous studies (Wundt, 1924; Russell, 1980) revealed that emotions, as a
transient psychological state, are divided into two- or three-dimensional axes
(i.e., “pleasure-displeasure” and “activation-deactivation” or “tension-relaxation”
and “excitement-depression”). Sakairi et al. (2013) reported that the psychologi-
cal scale based on these evaluation axes, as shown in Figure 1, was a useful way
to quantitatively describe the psychological state of the subject and its time se-
quential change. As shown in previous research, a psychological metric for
measuring emotions is introduced and the measurement results using the scale
are reduced by factor analysis. Following this analysis, two- or three-dimensional
evaluation axes have been extracted as an important general factor in emotion.
Then, we can use them as an index to capture the difference of emotions occur-
ring between different groups and the time sequential change in emotion.

In the present study, psychological features indicated by verbal data are quan-
tified and analyzed with multidimensional document vectors. Now, a novel
processing procedure has been proposed, in which the psychological state evalu-
ation axis is not only restricted in the above two- or three-dimensional space,
but it also represents the emotional base axes obtained by SOM. Consequently,
the evaluated axis for psychological state will be determined from the distribu-
tion and transition of output data, which is deduced with SOM analysis. There-
fore, we can expect an effective and efficient communication in exchanging the
information about the psychological state or transient change of the subject be-

tween the investigators.

1.3.3. Psychological Evaluation of Athletes
As the first trial, we adopt this process to the utterances delivered by the athletes

deactivation

displeasure

activation
N pleasure
a
tense...-{... axcited
."'Jti‘ttery ebullient-. high stability, high vitality,
calm, energetic,
upset < elated relaxed lively
dist.iessed .. happ'y .
—t - —> < N g »>
displeasure = S I : pleasure low arousal igh arousal
sad . serepe
gloomy - ., conténted
> low vitality, low stabilit
" tired placid,.* Y
lethargic, nervous,
lethargic calm .
! listless 2 irritated

Core affect (Russell, 1980)

Two-dimensional mood scale
(Sakairi, et al., 2013)

Figure 1. Core affect and two-dimensional mood scale.
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who are at the pinnacle of in some athletic field. With the analysis proposed in
this study, we quantified the psychological state of individual athletes and vi-
sually expressed the transition. Actually, sports performance requires the acqui-
sition of physical skills, technical skills, and mental skills to control psychologi-
cal state. Athletes who engage in physical training need to understand their own
physical condition in order to know what physical factors they should improve.
For athletes to face mental training, it is necessary to understand the skills they
possess or are missing, and also to understand the psychological state according
the circumstances (e.g., by conducting an interview or questionnaire assessment).
We developed an evaluation index of athletes’ psychological-competitive ability
by using a questionnaire and confirmed the effectiveness of that approach (Aoki
et al., 2017). An analysis of athletes’ utterances in interviews is expected to clarify
their psychological characteristics in more detail. Thus, there is significant
meaning in the analysis on athletes’ utterances in the interview so that we vi-
sualize their psychological characteristics and share common recognition about
them with the athletes themselves, coaches, managers, and so on.

In an attempt to visualize the psychological state of the sports group, we can
apply the findings from the study by Takemura et al. (2014), in which they per-
formed SOM clustering based on the mental and physical features of each player
on a rugby team. In the study, the relationship between physical and psycholog-
ical features and personal attributes (e.g., positions, regulars, and substitutes) has
been analyzed based on the result of clustering. However, it cannot cover an
evaluation method relating to an individual psychological state that is based on
certain criteria and method to visualize the transition. As an attempt to note a
time sequential variation of the psychological state of the group and individual,
Kobayashi et al. (2016) distributed a psychological scale questionnaire among a
basketball team and visualized the result of each player in the two-dimensional
coordinate plane.

Kobayashi et al.’s (2016) study described the effective visualization by using a
two-dimensional plane in which the psychological changes of both groups and
individuals can be visually grasped. In the present study, the use of SOM makes
it possible for us to make such changes visible from the aspect that set the transi-
tion of phase. Consequently, we can realize an effective information transmis-
sion or communication that grasps the state and transition in the psychological

phase space.

2. Processing for Emotional Topology

2.1. Concept of Processing Protocol

To analyze and visualize the verbal data, we proposed the following procedure as
shown in Figure 2. The objects of analysis in the current inspection are athlete
statements that are presented online. We will not aim to collect the verbal data
directly from an athlete because we would like to treat naturally stated verbal

data that they were not conscious of inspection. In the second step, the modal
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Verbal data processing

Collection of verbal data: U

{

Modal words selection from verbal data: M,
TF-IDF calculation 9t

SOM Fuzzy cluster analysis

| | i
. :

Topological assessment

v

Psychological diagnostics

Verbal data representation

Figure 2. Processing flow for emotional topology representation.

words will be selected from the collected words. The modal words will signifi-
cantly reflect the psychological state of the subject, so the researcher should de-
liberately choose them. In the third step, the frequency of modal words (TF: term
frequency) is counted, then the inverse document frequency (IDF) is calculated
from the data. The significance of TF and IDF in the present processing is slightly
different from the previous studies. The reason will be explained at a later point.
The next step has two processes, SOM and fuzzy cluster analyses. The input
vectors for both types of processes are TF-IDF data. In fuzzy cluster analysis, as-
sessment is focused on the representative vector in the SOM output layer, then
the clustering of neurons, which constitutes the output layer, is performed with the
representative vectors. Consequently, we can get the coordinates that are classified
by using individual utterances and the area division on the output layer. In the last
step, we will discuss the topological characteristics based on the coordinates, thus

the features of clients (athletes) are obtained via psychological diagnostics.

2.2.Verbal Data Processing

2.2.1. Collection of Verbal Data

Articles in Japanese that contain interviews with athletes in swimming, baseball,
golf, and so on, including Olympians and Paralympians, were collected as the
source of data. The corresponding terms were obtained from these sources. In
this process, the unit of data is an “utterance,” which is one paragraph in the in-

terview statements. We can obtain several utterances for each athlete, and ulti-
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mately the source of data is constructed with utterances, UJ-, j=1---\NU,

where NU =736, from interview articles.

2.2.2. Selection of Modal Words

As a preliminary language processing tool, morphological analysis by TTM
(Matsumura & Miura, 2009) was adopted on the source of data. In such analysis,
the original source was fragmented into morphemes (i.e., some minimum units,
such as a noun, verb, adjective, adverb, conjunction, and so on); that is, decom-
posing the utterances into the morphemes. Through this processing, 4418 sorts
of morphemes were extracted from U. After the decomposition, 20 top-ranked
words M, (i=1,--,NM), where NM =20, were selected as modal words. Ap-

pearance frequency data of each modal word f,l was obtained for U;
(i=1,2,---,NM and j=12,---,NU).

2.2.3. Application of TF-DFs

We newly defined the TF-DF algorithm for quantitative evaluation. In this me-
thod, term frequency (TF, Luhn, 1957) and document frequency (DF) instead of
inverse document frequency (IDF, Spdrck Jones, 1972) are adopted and they
imply the probability of a word appearance and a weight coefficient of the word
over the documents, respectively. Thus, TF-DF involves a metric of frequency

with weight for the word. The arithmetic equations are as follows:

hi="%;0 (1)
- @)
DI
k
g, =log,s +1 3)

Here, Y. fk, j represents a total number of modal words in each utterance
U, and Ti’ i
utterance number including M, . From the above, h,;, which is the product of

f

is a ratio of appearance of M; in U;. The variable s; is a total

i; and g, indicates the weight coefficient of each modal word M, in U;.
The TF-IDF method is considered to be effective at distinguishing various
documents by emphasizing on differences between them. In contrast, the TF-DF
method can cluster documents by weighting common words and increasing si-
milarity between them. Because of that, we used the TF-DF method for weight-
ing the appearance frequency data in consideration of fuzzy cluster analysis in

the present study.

2.3. Verbal Data Representation

2.3.1. Self-Organizing Maps

SOM, a neural network algorithm proposed by Kohonen (1995), is an effective
technique for nonlinear mapping that converts multidimensional data into a
low-dimensional space. This mapping consists of a two-layered structure as an
input layer and an output layer (competitive layer). Usually, the output layer is

two-dimensional, such as a grid or lattice. Each lattice is called a neuron, and
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vector data (representative vector) with a certain dimension is associated with
the input data or vector, which is also allocated on each neuron.

In a usual SOM algorithm, each input vector is compared with all representa-
tive vectors, and a neuron (lattice) of which a representative vector has the
smallest norm from the input vector is assigned as the winner neuron. As a re-
sult, the input vectors are classified into the output layer so that the input vectors
with similar features are mapped on the neuron. Through some iteration, the
representative vector is updated in such a manner as to approach the input vec-
tor. Such sequential self-learning-type algorithm causes the closer correlation
between the representative vector and the input vector.

Now, we are able to find a variety of algorithms in SOM. Some algorithms are
developed to make a cluster and extract the features in a good manner; however,
some of them depend on the initial input vector distribution. Such dependency
is not preferable for our task, so we adopted the batch-learning type of SOM
(Batch Learning SOM: BLSOM). We used a BLSOM analysis program “BLSOM-
viewer”, which was created by Kanaya et al. (2001). The details of this analysis
are described below.

1) Setting the initial value of representative vector

In order to assign the initial value of a representative vector into each neuron
of the output layer, a principal component analysis was carried out with the in-
putvectors H, (j=1,---,NU ), which is defined as follows.

j
Hj:(hl,j'hZ,j’""hNM,j) (4)

Here, we used a reduced expression H for 20 of the i-components of A.
Eigenvectors a, and a,, the first and second principal components, and
standard deviations o, and o, of the first and second principal component
were obtained from this analysis. Using these values, the initial values of the
representative vector,
Wi = (Way o Woy o Wagng g i =L+, NM31=1,2,--+, Lsm =1,2,--,M ), where
L=6,M =5, is calculated with the next equation (Kanaya et al., 2001).

),

W, =H, +50,| & L +a, M
L=[50,] )
M=|L-o,/c, ] (7)

where H,, is the average of the input vector over j=1---,NU. [x] and
| x| are ceiling functions to give the smallest integer greater than or equal to x,
and floor function to give the largest integer less than or equal to x, respectively.
2) Redistribution of input vectors
Each input vector is allocated to a suitable neuron, which is the smallest norm
between the representative and input vectors in a 20-dimensional Euclidean

space (i.e., which used to be called the winner neuron). In such a way, the input
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vector is redistributed in the map, then the representative vector is updated with
input vectors. The sequence is as follows:

For j-th input vector, H j » suppose that the representative vector, W, > has
the smallest Euclidean distance (i.e., norm in the modal words space, here a
20-dimension space). Thus, all of the vector elements H; will be distributed
into the space, V; ., which fulfills the following equations. The variable /3 (r)
is the following learning parameter indicating the neighbor region of the win-

ning neuron. It decreases as the iteration of learning increases.
I-p(r)<T <1+ p5(r)
m-pg(r)<m<m+B(r)

B(r)=max{0,3(1)-r}, (1) =L/4 9)

Here, ris the iteration number, which is incremented at each step of redistri-

(8)

bution of input vectors, and the representative vectors are updated.

3) Update of representative vector

In order to assign the initial value of the representative vector into each neu-
ron of the output layer, a principal component analysis has been carried out with
the input vectors H j (j=1---,NU ), which is defined as follows.

After classification of all of the input vectors, the representative vector will be
updated according to the following equation.

Nim
Wi =W () Y o (10

HeeVig Y m

a(r)= max{O.Ol,a(l)(l—TLj} (11)
a(1)=0.5 and T =100 (12)

Here, a(r) is called a learning rate coefficient, so it is a parameter for de-
termining the convergence in updating the representative vector W, . T'is the
iteration of learning. «(r) also decreases as the iteration of learning increases,

thus the representative vector gradually converges to the optimum value.

2.3.2. Fuzzy Cluster Analysis

Here we treat the representative vector as the representative matrix W, . The
representative matrix W,’m expresses a characteristic pattern about the emo-
tional distribution. To extract the features of W, , fuzzy cluster analysis was
conducted. In normal cluster analysis, it is assumed that an object belongs to one
cluster (hard clustering), whereas fuzzy cluster analysis assumes that an object
ambiguously belongs to any specific cluster. By using this concept, we can find
the common properties among the objects that have multidimensional compo-
nents. First of all, we shall calculate the correlation between all pairs of elements
of W, ., which is described by a value from 0 to 1. For the representative ma-
trices W, ., (1<l<L, 1<m<M), in calculating the cross-correlation (i.e., the

similarity) we define the membership matrix Fas the following equation.
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W1,1 'W1,1 W1,1 'W1,2 W1,1 'WL,M
E E E |W1,1| '|VV1,1| |W1,1| '|\N1,2| |W1,1| ’ |WL,M |
Fll Fl'z v W, W, W, -W,, :
Fe| s ¥ =| Wie| ] || (13)
Fra FT'T WL,M.'Wl,l | WL,M :WL,M

where T=L-M in Equation (13). As shown here, the matrix F has correlation
values as components. In the next step, Fis transferred to a reachability matrix,

F , which is determined by the iteration of the following calculation.

F=FQFQ®---®F (14)
T
FOF
MaX(Fl,lFl,llFl,ZFZ,l’”"Fl,TFTJ) MaX(Fl,lFl,T'F1,2F2,T’“"Fl,TFT,T) (15)
MaX(FT,lFl,vFT,ze,l""vFT,TFT,l) MaX(FT,lFl,TrFT,ze,T!"'vFT,TFT,T)

Here, function-Max indicates the maximum value among each element prod-
uct, which corresponds to the logical sum of regular reachability matrix calculus.
After T=L-M times iteration, with a suitable threshold, R for F, the clus-

tering can be well processed, so we obtain several patterns in SOM map field.

2.3.3. Visualization of W, and H;

As the result with BLSOM analysis, the representative matrix W, was acquired
from the input vector H; after 100 times iteration of learning. In addition,
fuzzy cluster analysis provides some clusters according to the similarity of rep-
resentative matrix W, . By using these processing methods, we can propose a
pattern tracking technique in order to visualize a time sequential transition of
the psychological state for each athlete or client on a two-dimensional mapping
approach. By considering the clustered mapping and tracing the trajectory of a
player’s state on it, we are able to find the emotional state and movement or
fluctuation for each athlete. The axis of emotional state will be considered psy-
chologically with clustering data, and its movement can also be considered to

capture the athlete’s emotional transition.

3. Result and Discussion

3.1. Calculation of Input Vector H;

In this paper, we collected a total of 60 articles of NC = 60 players (one article
per player) through web contents. Each article includes 5 - 20 utterances, so we
obtained NU = 736 utterances from 60 player’s articles. The set of all utterances
U was decomposed by TTM, so 4418 sorts of morphemes were generated.
Through the frequency analysis, NA/ = 20 modal words, M,; were selected as
modal words according to the order appearance probability, e /NW. M, is
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listed in Table 1.
After estimating fNI ; from U; and M,, N, was calculated by TF-IDF.
BLSOM and fuzzy cluster analysis was conducted, so the following results, which

are described in the next section, were obtained.

3.2. Clustering of H;

Since the output of the analysis is that ¢, =1.085 and o, =1.080, we obtained
that L = (50‘1—| =6 and M= LL~C72/61J =5. Therefore, the present BLSOM
analysis yielded a 6 x 5 neuron matrix; that is, the input vector H,
(j=1,---,NU ) was mapped into 30 neurons. Fuzzy cluster analysis was carried
out for W, ., so we were able to categorize it using a similarity.

Now, we shall show some results if the threshold was changed to obtain a
suitable clustering. After the processing of a reachability matrix, we obtained the
following map. Figure 3(a) shows the color contour map of F . The reachability
matrix asserts the connected networks among the elements, so some clusters are
relieved from the contour map. In the next step, we will divide it into some clus-
ters with the threshold of R. For example, we can obtain 4 clusters with R = 0.67.
Figure 3(b) shows the original correlation map of binary processing with R =
0.67; here we can visually recognize 5 clusters.

According to the above processing, we can obtain various clusters by changing
and considering the similarity R. Figure 4 shows several examples illustrating
the clustering of H . In this figure, six patterns are shown according to six dif-
ferent similarities. The field was clustered as /in primary eigenvalue direction,
then m in secondary eigenvalue direction. Here, the neuron of (I,m)=(11) isa
zeros vector where W,; does not include any modal word in it. W,, includes
almost zero components, but the modal word “mistake” has a somewhat large
value. Also, diagonal clustering proceeds to the right and downward, principally.
According to the classification, one can follow a major cluster, and 4 small clus-
ters in 5 clusters with R = 0.68. The major cluster will be subdivided into smaller
clusters in the progression.

Now, we should determine a suitable set of clusters from these classifications.
For adequate diagnosis, we selected a 10-cluster categorization with R = 0.79, in

which we can see uniformly scattered clusters more than the others. In Figure 4,

Table 1. Modal words, M.

)

) e/NW
i word

x 10
1 goal 461 6 happy  2.19 11 challenge 1.57 16 regret 1.29
2 win 3.14 7 bad 2.05 12 superior 1.52 17  bebeaten 1.24
3 hard 271 8 cheer 2.05 13 pressure 1.43 18 concentration 1.24

4 doone’sbest 248 9 confidence 2.00 14 mistake 1.33 19 dream 1.19

5 enjoy 233 10 success 1.67 15 anxiety 1.29 20 develop  1.14
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Figure 3. (a) Correlation distribution of F and (b) clustering structure extracted in E.
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R=0.68, 5 clusters

1 2 3 4 5 6
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2 111 2]5] 4 4
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(m)
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1 2 3 4 5 6
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3 41 9 47 | 16
4 4 4 4 4
5 28 | 14 8 9 8

(m)

R=0.73, 6 clusters R=0.74, 7 clusters

(/) 1 2 3 4 5 6 (/) 1 2 3 4 5 6 (/)
1 Ir ;46 2 27 | 19 7 32 1 [;46 2 27 | 19 7 32
2 1 2 5 4 4 2 1 2 5 4 4
3 41 9 47 | 16 | 14 | 27 3 41 9 47 | 16 | 14 | 27
4 4 4 4 4 2 2 4 4 4 4 4 2 2
5 28 | 14 8 39 8 22 5 28 | 14 8 39 8 22
(m) (m)
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1 |r ;46 2 27 19 7 32 1 |r (;4;)
2 1 2 5 4 4 2 1
3 41 9 3 41
41 4| 4 4| 4
5 28 14 5 28

(m) (m)

Figure 4. Several clustersr of H,; by fuzzy cluster analysis.

we can find an interesting categorization in this clustering. The results of 5, 6, 7,
8, 10, and 13 clusters are demonstrated according to R = 0.68, 0.73, 0.74, 0.78,
0.79 and 0.81, respectively. The numbers of clustered H; are indicated in each
neuron in the W, space. Wy, is the origin of the mapping, so most of the
data is included in this neuron, where the occurrence of the modal words is very

poor during speech (i.e., the utterances do not indicate any detectable features).

3.3. Psychological Interpretation of Wy,

Before discussing the characteristics of 10 clusters in Figure 5 and Figure 6, we
present a histogram of the vector components of W, in each cluster. The or-
dinate is a relative value to the averaged H,; in each cluster for each modal
word. We can find the predominant vectors in the respective clusters because of
BLSOM analysis. These features of clusters will be discussed in more detail in the
next section.

The map is extracted again, as shown in Figure 7, with some additional fea-
tures since a major modal word in each cluster has been tagged. Referring to
these words, at a glance we can conceive positive and negative expression clus-
ters; that is, CLs 6 and 7 are dominant with negative words and are located at the
upper region, whereas the others are positive. CLs 8-10 present especially posi-
tive and rewarding emotional terms. In order to psychologically interpret this
mapping, let us consider the kinematic similarity in emotion (i.e., the state of

mind). The kinetics is used to expressing coordinates’ velocity and acceleration.
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W 2:win M 3:hard M 4:do one's best
M 6:happy W 7:bad W 8:cheer
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M 18:concentration M 19:dream M 20:development
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Figure 5. Vector components of W, . in 10 clusters (CLI - CL5).

M 1:goal

B 5:enjoy

B 9:confidence
W 13:pressure
m 17:be beaten

CL4 CLS5

H2:win M 3:hard M 4:do one's best
M 6:happy W 7:bad H 8:cheer

M 10:success B 11:challenge M 12:superior

B 14:mistake m 15:anxiety M 16:regret

M 18:concentration W 19:dream M 20:development

]

VECTOR COMPONENT OF W,

CL6 CL7 CL8 CL9S

| |.I NPT J - .| | [ Y Y R T || |

CL10

Figure 6. Vector components of W, =~ in 10 clusters (CL6 - CL10).

In addition to this principal, our emotion should be described dynamically with
a state and motion. Namely, the state will be denoted in scalar and the motion in
vector. Here, we will try to express the emotional transition with coordinates
and vectors in the SOM table.

According to BLSOM analysis, we introduced some major axes in the map.
Here, the solid arrows indicate scalar coordinates and dashed arrows portray
vector coordinates. As shown in this mapping, we can find “displeasure” and
“pleasure” states in the upper row and right column, and “active,” “tense,” and
“ebullient” states in the bottom row. Furthermore, considering the transition
between those state, “deactivation and activation,” “fighting spirit,” and “spon-
taneity” vectors are automatically discovered. The definition is not unique, of
course, so one can find another interpretation instead of the present expression.
Now, we will propose an effective expression, as shown in Figure 7, to under-
stand the emotional state and transition for the athletes. As the template for the
recognition of the present athlete’s emotional behavior, we will discuss the play-

er’s psychological emotion in the final section.
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................................................... displeasure |........ieniep
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anxiety, superior, win, do
happy \
one's best .
A v

Figure 7. Emotional characterization with 10 clustering.

3.4. Utterance Transition for Exemplary Players

In this section, we will discuss the emotional behavior according to the utterance
transition for some players. Figures 8(a)-(c) show the sample mapping of ex-
emplary players. In this analysis, we will not mention the properties of a player,
such as his/her sports events, category, and so on.

Figure 8(a) shows the emotional transition of player #33. The circled number
indicates the serial number of his/her utterance in the articles. Following the
trajectory, one can see that the psychological change along the activa-
tion/deactivation axis dominates his/her subjects. The appropriate change is
characterized in the refrain of modal word, such as “win” or “goal,” in utterances.
The activation vector indicated by player #33 is closely related to his/her extrin-
sic motivation, which is proposed by Deci & Ryan (1985); that is, these words do
not imply an emotional interest or fun about sport itself, but an irrelevant bene-
fit as a substantial reward. Player #33 also indicates an almost constant transition
on the map, thus a consistent attitude toward his/her competition, which may be
encouraged by the extrinsic motivation.

Figure 8(b) shows a transition within player #47. The trajectory shows a de-
parture within the displeasure zone. Seven out of twelve input vectors of this

player are classified into CLs 6 and 7 on the output layer, which means that
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Figure 8. Emotional transition of some sample players. (a) Player # 33; (b) Player # 47; (c) Player # 54.

his/her utterances often include negative words such as “bad,” “hard,” and so on.
Other vectors are classified into CLs 4 and 5, which are related to activation and
a fighting spirit. However, this player repeatedly shows the emotional transition
to CLs 6 and 7. Therefore, his/her increase in a fighting spirit can be associated
with the feeling of displeasure.

Figure 8(c) shows a transition of player #54. This player exhibits the emo-
tional transition to CLs 8 and 9, which means his/her utterances sometimes in-

» <«

clude positive words such as “happy,” “enjoy,” and so on. This tendency also in-
dicates his/her feeling of pleasure and attitude of spontaneity toward competi-
tion; that is, intrinsic motivation, which is proposed by Deci & Ryan (1985). It is

presumed that player #54 is simply blessed with an enjoyment for his/her sport.

4. Concluding Remarks

For the effective comprehension of emotional state and transition, an analysis
procedure and recognition protocol has been proposed by using athletes’ inter-
views. The verbal data was decomposed with morphological analysis into some
units such as morphemes, words, and utterances. From those data, by extracting
major words, TF-IDF was estimated at first. After BLSOM and fuzzy cluster
analysis, consequently, we obtained an emotional state and transition for indi-

vidual interview articles. The following conclusion has been presented in this
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paper.

1) In order to determine the emotional mapping, the representative vector
obtained by BLSOM is a very effective way to reveal the emotional coordinates.
Furthermore, the combination with BLSOM and fuzzy cluster analysis gives
more apparent discipline for psychological consideration.

2) Based on the present clustering technique, one can obtain the state and
vector axes in emotion. Thus, the topological interpretation is available for the
utterances of some subjects. In this paper, athletes’ interviews have been ana-
lyzed, and then 10 clusters and four axes of states and three principal vectors
have been efficiently introduced.

3) In the present sampling from online interview articles, we tried to assess the
athletes’ emotional state and movement by adopting the proposed protocol. We
can recognize a representative pattern in their emotional transition, so the effec-
tiveness of the present protocol is demonstrated.

4) The protocol in the present study can be utilized for the psychological as-
sessment of clients or patients by means of processing of verbal data. The accu-
mulation of analyzing data enables us to make a standard emotional axis and vi-
sualize a time sequential change. The present protocol will be applied to emo-

tional assessments in a variety of general fields beyond athletics.
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Nomenclature

F : membership matrix

F : reachability matrix

M; : modal word

NG number of clients (or articles) = 60

NAM: number of modal words = 20 ‘e

NU: total number of utterances =»'n =736
NW total number of words = 21007

R: similarity

U, : utterance

U=U,UU,U---UUy, : set of all utterances
W, : representative vector, i=1---,NM

Wl,m = (Wl,l,m 'WZ,I,m v Wi ,I,m)

c client number, c=1,---,NC

d, =) f/, : total number of words in U,

e = 2 f\ : total number of modal words

fil: Appearance frequency

f;:TF, i=1---,NM, j=1..,NU

g;: IDF, i=1---,NM , IDF is calculated over j
h;: TRIDF, i=1--,NM, j=1...,NU

H, :(hl,j'hl,j!'”’hNM,j) : input vector

V; ,+ space into which H; distributed

N; , : number of H; which is distributed into Via
# modal words number, i=1---,NM
J utterance number, j=1,---,NU
1, m: SOM dimension, 1=1,---,L, m=1--- M
n, : number of utterance for client ¢

S; : number of utterance including M,
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