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Abstract

This study proposes a novel emotion estimation model based on Plutchik’s eight basic
emotions, utilizing Word2vec and cluster analysis. Unlike conventional methods using
polarity dictionaries or machine learning, our approach requires no training data and
enables multi-dimensional emotion representation.

The model employs Word2vec for word vectorization and a constrained K-means method
for clustering. By fixing the centers of emotion clusters and updating only the centers
of other clusters, we effectively classified words related and unrelated to emotions. The
elbow method determined the optimal number of clusters: 8 for emotions and 20 for
others.

We evaluated the model using song lyrics with pronounced emotions, plotting results
on Plutchik’s emotion wheel. Initial bias towards the “surprise”cluster was mitigated by
adjusting cluster centers and introducing new non-emotion clusters.

Further improvements to the clustering algorithm included the application of K-means++
and Fuzzy C-means (FCM). K-means+-+ optimizes the initial centroid selection for non-
emotion clusters, while FCM allows words to belong to multiple clusters, addressing
multi-emotion words and improving the accuracy of analysis for texts with fewer words.

The model demonstrated the ability to capture complex emotional nuances in text, of-
fering a flexible and multifaceted approach to emotion estimation. Future work will focus
on processing negations and antonyms, considering context, and establishing quantitative
evaluation methods.

This research contributes to the field of natural language processing by providing a
new perspective on emotion analysis tasks, paving the way for more nuanced and com-

prehensive emotion estimation in various applications.
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Figure 2.1: Flow chart of clustering.

Table 2.1: Structure of dictionary.
Word Emotion Label Weight

Each word Cluster Type COS Similarity to the centroid
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Table 3.1: List of Songs for Analysis.

Type of Song Song Title Artist Number of Morphemes
Happy Song AR Al 396
Sad Song Fo4 79— EH 299
Angry Song o8 ZD Ado 323
Dislike Song LA D RADWIMPS 504
Scary Song TR [N 22 184
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Figure 3.2: Silhouette coefficients.
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Table 4.1: Key Scenes in the Story of Melos.
Parts | Scene and Emotion

1 Melos, enraged by the king’s cruelty, decides to confront him.

Melos, filled with hope, prepares for his sister’s wedding.

Exhausted, Melos falls asleep after the wedding.

In a dream, Melos feels anxiety and doubt about his fate.

Melos runs desperately to save his friend, trusting he’ll make it.

Y| OV~ W | N

Melos saves his friend, feeling the strength of trust and friendship.
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Figure 4.2: Results with “‘Ef1 X 1 27,
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6.1 MSAHRDFE®

AFFETIE. TAF v 7 DI DDERBFICH S CHLWRIEHEEE TV ERRE L. K
ETUIE, TERDOFHFFER—RE I FEEOFIEL E2 D, Word2Vec 1T K % HGER Y
FUbE 7 222 77T ) X aeilflsaEbE, T — X 2B U DFRIRILE
BN ZAIREIC Lz, FRC, BIE 7 2 AKX DYIEOZEE S 2 Z & T, RIEICHET %
HEEDOFRE 2 A Xz, EERER TR, B2 HuREThicsnwT, 7
NF v 7 DRRIEIZHED RGO DM e HRANCHERR L7z F72. KD K-means {EIZN
Z. K-means++3 X Uf Fuzzy C-means (FCM) Z W22 5 X&) ¥ FFHEDUE % il A
720 FHZ. K-means++ ClI#IH 27 7 2 XL DEE Z ik L. FCM T HEEIERD
BIE 27 ZARXET 2RI ZE R LTz 2O DMRD O, ARSI HAS B
BT 2 AE AN Z R 21T ik 2Rt L. IS D2t KRB K Ok E
DA LICFET2HDTH 5,

6.2 SHEOHAICEE

AT K D BIEDITICEBIT 2 2RI RHEEETNVOENEZ RT Z & BT E DN
WL OO DFEPRINT VS, TNHDMEIIHUNT 2T, ETLDEHRLEE
m_EDHRF NS,

T3, BEBEPHZRE, XREKFORKIGUHIN T 28E P ETH 5, BITOET L
Tid. HEHRM TORBHENETH D, XKD/ B ERKS T ICERINLTY
W0, BIZIE, TEE TRV R TIREE] 20 REUCTBWT, AEREIC X > TARERD
BIBRRERT 27 —ADH 50, TN OIHEDFIETIXIEMICUE T E R0,

iz, ERMIZFTHEREDEL N SHBROBEELRFEL 25, AR T, FICEERNE
FHfiEAT o 7223, BT OVOREMZERER T 2 72d1iE, &K BRI TREEDDH %
EBNFHITEESNETH 5, FHZ, BRIEDEOBESHEE, F R Ok F i
BT Z., BB ZRITEREMENE T RS 287272 X bV 7 ROMELIKRDOLNE, F
72y MOBESHTET N L DL EITS 72 DIEHEF — Xt v P OB, BXTF A b
PHREHZ ECT — XN T 27HBiTFIEOMI O EETH %,
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