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Introduction

[ Rapid explosion of Online Social networks has turned users from passive receivers

into integral parts of them.

[ Extraction of new information from users data contributes to the profiling of them.

- Users transfer their offline behavior to the online world.

Subject of research

JApplication of data mining techniques to messages of users who intend to commit
suicide.

[ Purpose: Knowledge Discovery which is useful to other sciences such as Psychology.

Data Preprocessing

Creation of a web service that:

» converts greeklish into Greek.

» remove noise from data such as intonations in greek words, punctuations etc.

Data clustering

J Clustering in Weka: Number Sum of Time to Incorrectly
Clusterer of squared build clustered

> Combarison b etween C|US terers iterations errors model(sec) instances

p ) MakeDensityClusterer 4 6211 0.07 36.9369%

] SimpleKMeans 4 6211 0.03 36.8243%

» Clustering of texts/phrases FilteredClusterer 4 6211 005 36.8243%

via SimpleKMeans. Table 1: Performance of clusterers

] Tag cloud generation for each cluster.

Q@ 00”!“!(1"(.1 ouo last &?c'* .;é
o3 i Ane % .. vonpu: /&’ %%a%u W
Qs .8 u! f ,i g:)J 7 ) 'Qnﬁ‘ "";f_ 6 ";5;:'2:. A m\\ /o 0«“\%% ?«.....' !1»_\
Ay SIIIBIIIE @ 0@@% 2, ‘%; suxumgm U Q\_ “'w‘g@"};@
F S, ’lawé A $ @Q A
. o S Kuxo = d 4] A
SN SR8 D5 S THoun S 4
“ @‘ \ s N W 4
2 SO AR o VO S il
£% ““ o Gy, BUNGD peodle’\s~ & =5 il
P PUNIIXEL ,  Dones ol st 20 B

Figure 12: Tag cloud for cluster_1
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Figure 1:Database fields
(] Diagrams arised from users data that are stored in database.
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Figure 4: Sources of users messages

Usage Patterns

[ In the context of this research, usage patterns are phrases with great frequency in the
collected texts.

] Extraction of usage patterns from texts.
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Figure_14: Tag cloud for patterns

Figure 5: State of users

(J Comparison between users who were found in normal and abnormal state.

Association rules

d Mining association rules between sets of items in database.

» Extraction of obvious results due to the multiple empty fields of the database.
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Conclusions

J Most users, who expressed intention to commit suicide in their messages,:
» had not revealed their ages and were males in their majority.
» expressed this via Facebook.
» were using particular words and phrases such as death, end, suicide, ” end of
my life” etc.
d Users who were found in normal state had similar characteristics with users who were
found in abnormal state.
J Extraction of reliable conclusions for users who were found in abnormal state is not

feasible due to the low rate of their database records.

Figure_6: Gender of users who were found

in normal state
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Figure 8: Age of users in normal state

Figure 7: Gender of users who were found

in abnormal state
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Figure 9: Age of users in abnormal state
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