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In this research, We want to make a methodology to predict events that will
occur immediately after a disaster using data science based on a database of all causal factors from
disaster phenomena to social phenomena and a vast amount of experience related to these responses,

and to suggest optimal responses, finally. In this study, we made a methodology to immediately
predict the characteristics of disasters from a huge causal database and to qualitatively predict
events that will occur in the future. As a result, we can make a technique to create a causal
network from newspaper articles almost automatically and with high accuracy.
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Creating the disaster causal database

A sentence Cause part Effect part
. [ Event A Event B ] :

Word embeddings (100 dimensions) Word embeddings (100 dimensions) H
[-1.8482111e-01, -1.4538746e-01, ..., Vgol [VO, V1, V2, V3, V4, V5, V6, V7, V8, ...V99]

Disaster Causal Knowledge Database

Creating the disaster causal network

e Causepart ... Effect part
[ Event A ] [ Event B ]
T Search for igh similaity in the database
Another sentence [ Event B’ ] [ Event C ]
T Causepart Effect part
T

[ Event A ]—’[ Event B (B’) }——’[ Event C ]

Fig. 1. Creating the disaster causal database and the causal network




Fig. 2. Cascading disaster network for the Great Hanshin—Awaji Earthquake. Each node
is an event, and the arrowed lines show the starting point, which is the cause, and
the endpoint, which is the effect

Fig. 3. Cascading disaster network for the Great East Japan Earthquake. Each node is
an event, and the arrowed lines show the starting point, which is the cause, and the
endpoint, which is the effect

Fig. 4. Cascading disaster network for the 2016 Kumamoto Earthquake. Each node is an
event, and the arrowed lines show the starting point, which is the cause, and the
endpoint, which is the effect

Table 1. Test results of each causal discriminant model for cue phrases and succession
expressions with causation in each earthquake disaster
Model Earthquake Sentence Precision| Recall | F-score | Number
. Non-causal 0.83 0.76 0.79 206
The Great Hanshin-
.. Causal 0.64 0.73 0.68 122
Awaji Earthquake
Average/ Total 0.76 0.75 0.75 328
Cue phrases mode
Non-causal 0.78 0.80 0.79 263
The Great East Japan
Causal 0.59 0.55 0.57 136
Earthquake
Average/ Total 0.71 0.72 0.71 399
. Non-causal 0.80 0.82 0.81 174
The Great Hanshin-
.. Causal 0.46 042 0.44 62
. . . |Awaiji Earthquake
Succession expressions with Average/ Total 0.71 0.72 0.71 236
causation model Non-causal 0.81 0.81 0.81 153
The Great East Japan
Causal 0.71 0.70 0.71 101
Earthquake
Average/ Total 0.77 0.77 0.77 254




Fumhiro SAKAHIRA U HIROI Vol .25, No.3

Creating Disaster Chain Diagram from Japanese Newspaper Articles Using Mechanical Methods 2021

Journal of Advanced Computational Intelligence and Intelligent Informatics 277-284
DOI

10.20965/jaciii.2021.p0277

Fumihiko Sakahira, U Hiroi Volume 66

Designing cascading disaster networks by means of natural language processing 2021

International Journal of Disaster Risk Reduction 102623

DOl

10.1016/j .1jdrr.2021.102623

12

2021

22

2020




(sekiya naoya)

(30422405) (12601)
(sakahira fumihiko)
(70578129) (34406)




