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Abstract

In this study, we propose a method for evaluating the Web novel style by machine
learning. If the writing style of novels can be quantified, it will be possible to evaluate
the novels based on the text, and excellent novels will be evaluated more highly.

This method uses Sentence-BERT to train a model specialized for the writing style
of Web novels. In addition, we verified whether it is possible to extract similarities and
features between novels by comparing vectors of the models.

As a result of the experiments, the model produced extreme relative-distance embed-
ding vectors. Furthermore, the usefulness of the model was confirmed in the task of
discriminating authors. However, it became difficult to discriminate distinctive writing

styles.
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Figure 2.2 Deep neural network.
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Figure 4.3 Evaluation of the Sentence-BERT on the dataset of same authors and dif-

ferent authors.
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Figure 4.4 Evaluation of the BERT(Tohoku) on the dataset of same authors and dif-
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Figure 4.5 Evaluation of the MeCab+Word2vec on the dataset of same authors and

different authors.
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User.1-1 ave:0.622

Figure 4.6 Evaluation of the Sentence-BERT on the dataset of bookmark.
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Figure 4.7 Evaluation of the BERT(Tohoku) on the dataset of bookmark.

— 925 —



User.1-1(0.80~1.0) ave:0.980

1.000
0.975
0.950
0.925
0.900
-0.875
-0.850
-0.825

0.800

User.1-1(0.97~1.0) ave:0.980

1.000
0.995
0.990
0.985
- 0.980
-0.975

-0.970

User.1-2(0.80~1.0) ave:0.985 User.1-2(0.97~1.0) ave:0.985

1.000 1.000

0.975

g 13 HTELT
0.950
0.925
0.900
-0.875
-0.850
-0.825
-0.800

User.1-3(0.80~1.0) ave:0.986

0.995

0.920

0.985

-0.980

- 0975

- 0.970

1.000 1.000

0.975

IR T
0.950
0.925
0.900
-0.875
-0.850
-0.825

0.800

0.995
0.990
0.985
-0.980
-0.975

-0.970

User.1-4(0.80~1.0) ave:0.985

1.000 1.000

0.975

ES e B L
0.950
0.925
0.900
-0.875
-0.850
-0.825
-0.800

User.1-5(0.80~1.0) ave:0.983

1.000
0.950
0.925
0.900
-0.875
-0.850
-0.825

-0.800

0.995

0.990

0.985

- 0.980

-0.975

-0.970

1.000

0.995

0.990

0.985

- 0.980

-0.975

-0.970

Figure 4.8 Evaluation of the MeCab+Word2vec on the dataset of bookmark.
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