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Abstract

In 2018, The World Health Organization (WHQO) and Department of Mental Health (DMH), specified that major
depressive disorder (MDD) was the second most important disease that it is probably caused by social media usage
affecting stress and leading to violence, and depression . This research proposes the depressive classification
from posts on twitter of user behaviors and compared the accuracy of two classifiers between one level and two
levels:- (1) one level: using the Bayes algorithm created a model for classification between general and symptoms

based on a symptoms detailed in a questionnaire (DSM-5) including as follows: depression, loss of interest, loss of
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appetite, abnormal sleep, slowed thinking, guilt, tiredness, unexplained and suicidal ideation. (2) Two levels: Using
the SVM algorithm created a model for classification between general and depression. Using the Bayes algorithm
compared with the Random Forest algorithm for classification of symptoms in a questionnaire (DSM-5). The data
came from real postings of international celebrities. The dataset is divided into 2 sets: a training set and a test set.
Finally, the results are demonstrated in a training set prediction between one level and two levels: One level: the
Bayes algorithm showed that the accuracy=82.55%, and the SVM algorithm showed that the accuracy=96.18%. Two
level: the SVM algorithm showed that the accuracy=98.20%. SVM algorithm pair with Bayes algorithm showed that
the accuracy=82.23%, and SVM algorithm pair with the Random Forest algorithm showed that the accuracy=91.45%.
The results of test set, by the boundary of probability are variously set 0.1 to 0.9 that prediction between one level
and two levels : One level: the Bayes algorithm showed that the accuracy=76.67%, and the SVM algorithm showed

that the accuracy=70.00%. Two level: SVM algorithm pair with Bayes algorithm showed that the accuracy=73.33%.

SVM algorithm pair with Random Forest algorithm showed that the accuracy=70.00%.

Keywords: Major Depressive Disorder, Classification, Social Mining, Text Mining
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Table 1 DSM-5 criteria’s
No. Symptoms Non Someday Frequently Everyday
1 Depressed mood 0 1 2 3
2 Diminished interest 0 1 2 3
3 Change in appetite 0 1 2 3
4 Change in sleep 0 1 2 3
5 Slowed thinking 0 1 2 3
6 Worthlessness or guilt 0 1 2 3
7 Fatigue 0 1 2 3
8 Agitation or retardation 0 1 2 3
9 Suicidal ideation 0 1 2 3
Table 2  Training set
Number of
No. Symptoms Hashtag Examples of Training set
messages
1 Depressed mood #Sadness #Depressive I'm in such a depressive spiral today. 3,000
Loss of interest in friends, family & favorite
2 Diminished interest #Loss of Interest #Lose interest 3,000
activities.
. . . I'm hungry but | have no appetite can anyone
3 Change in appetite #Appetite #Hunger 3,000
relate.
4 Change in sleep #Sleep #Lethargy | just want to sleep for real! 3,000
o o o These neighbors really out here thinking that
5 Slowed thinking #Un thinking #Out thinking . 3,000
I'm selling dope.
6 Worthlessness or guilt #Guilt #Disgrace #Dishonor This guy is a perpetual disgrace. 3,000
7 Fatigue #Tired #Bored #Fatigued I'm just tired that’s all. 3,000
8 Agitation or retardation  #Lackadaisical #Lazy #Loafing #Phlegmatic ~ Feeling lazy of today. 3,000
9 Suicidal ideation #Suicidal #Dangerous #Destructive Suicidal thoughts will never get out of my head. 3,000
10 Normal #Happy Happy birthday, family. 3,000
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Figure 1 The proposed diagram
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Table 3  Top 20 feature frequency
No. Feature No. Feature No. Feature Feature No. Feature
1 things 6 tiredness 11. tired tired 16. people
2 loss 7 esteem 12. sleep sleep 17. bored
3 feeling 8 hopeless 13. appetite appetite 18. sadness
4 self 9 happy 14. get get 19. bra
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Table 4  Performance modeling SVM algorithm (2 Levels)
Feature Accuracy Precision Yes Precision No Recall Yes Recall No F-1
2,000 98.03% 99.27% 86.00% 98.60% 92.18% 98.93%
4,000 98.11% 99.27% 96.52% 98.65% 92.29% 98.96%
6,000 98.20% 99.27% 87.50% 98.75% 92.37% 99.01%
All 94.29% 99.82% 39.32% 94.24% 95.57% 96.95%
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Table 5  Algorithm performance modeling Bayes, SVM + Bayes and SVM + Random Forest
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1 Level 2 Levels
Feature Bayes SVM SVM + Bayes SVM + Random Forest
Accuracy F-1 Accuracy F-1 Accuracy F-1 Accuracy F-1
2,000 82.55% 80% 96.18% 96% 83.23% 86% 91.45% 94%
4,000 78.58% 75% 94.64% 94% 78.81% 80% 88.31% 93%
6,000 76.66% 74% 92.28% 92% 79.00% 79% 82.77% 88%
All 70.52% 67% 91.76% 92% 72.34% 72% 63.82% 73%

Table 6  Algorithm performance modeling Bayes, SVM + Bayes and SVM + Random Forest 2,000 features

1 Level 2 Levels

Class Bayes SVM SVM + Bayes SVM + Random Forest
Precision Recall Precision Recall Precision Recall Precision Recall
Depressive 83.86% 80.67% 98.48% 95.20% 83.32% 87.92% 90.39% 97.11%
Loss of interest 98.57% 86.21% 99.96% 92.23% 86.28% 98.67% 98.79% 97.82%
Appetite 72.85% 89.39% 99.14% 96.37% 89.18% 74.68% 95.31% 84.99%
Sleep 79.36% 76.20% 97.94% 93.63% 75.59% 79.31% 80.73% 95.46%
Thinking 82.40% 69.29% 98.20% 96.60% 70.00% 84.77% 87.58% 96.28%
Guilt 83.36% 88.95% 95.55% 88.00% 89.12% 82.45% 93.84% 96.79%
Tired 75.72% 86.54% 98.63% 96.30% 86.55% 76.10% 91.72% 83.72%
Movement 86.29% 85.54% 98.87% 90.47% 85.02% 88.40% 92.92% 82.64%
Suicidal 76.59% 78.24% 99.21% 91.97% 77.81% 78.54% 87.35% 97.15%

Normal 88.66% 77.34% - - - - - -

Table 7  Algorithm performance modeling Bayes, SVM + Bayes and SVM + Random Forest 4,000 features

1 Level 2 Levels
Class Bayes SVM SVM + Bayes SVM + Random Forest
Precision Recall Precision Recall Precision Recall Precision Recall
Depressive 77.23% 73.81% 98.53% 91.47% 76.55% 81.14% 90.96% 95.13%
Loss of interest 98.57% 86.70% 99.96% 90.37% 86.82% 98.12% 97.94% 96.81%
Appetite 72.79% 86.04% 99.18% 93.27% 86.87% 74.77% 90.01% 85.04%
Sleep 72.76% 70.61% 98.54% 92.10% 70.53% 72.57% 79.11% 85.17%
Thinking 70.78% 57.04% 98.47% 94.37% 56.76% 71.65% 86.78% 94.56%
Guilt 7711% 85.54% 99.52% 83.23% 85.52% 76.49% 84.83% 94.59%
Tired 70.89% 80.09% 98.45% 95.57% 78.92% 72.08% 89.75% 77.65%
Movement 79.35% 81.18% 98.99% 85.10% 80.09% 81.48% 88.13% 79.88%
Suicidal 68.82% 73.07% 99.09% 86.70% 71.76% 70.83% 83.01% 95.45%

Normal 84.17% 70.64% - - - -
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Table 8  Algorithm performance modeling Bayes, SVM + Bayes and SVM + Random Forest 6,000 features

1 Level 2 Levels

Class Bayes SVM SVM + Bayes SVM + Random Forest
Precision Recall Precision Recall Precision Recall Precision Recall
Depressive 76.60% 72.35% 98.12% 85.33% 77.26% 83.45% 83.05% 94.23%
Loss of interest 98.33% 87.19% 99.96% 89.07% 86.82% 98.37% 97.62% 96.46%
Appetite 72.94% 85.05% 99.33% 79.30% 86.04% 73.64% 78.48% 69.40%
Sleep 71.51% 69.71% 97.80% 91.80% 70.53% 72.53% 71.37% 91.93%
Thinking 66.41% 55.85% 97.47% 91.17% 58.10% 74.72% 82.53% 92.01%
Guilt 76.00% 84.92% 99.79% 79.27% 85.70% 77.77% 85.39% 90.69%
Tired 69.91% 78.39% 96.63% 94.60% 80.79% 72.10% 86.23% 64.00%
Movement 78.70% 80.36% 98.54% 78.90% 80.54% 83.07% 77.62% 75.70%
Suicidal 68.39% 72.61% 98.94% 83.80% 72.54% 69.52% 78.12% 90.64%

Normal 82.72% 68.56% - - - -

Table 9  Algorithm performance modeling Bayes, SVM + Bayes and SVM + Random Forest all features

1 Level 2 Levels

Class Bayes SVM SVM + Bayes SVM + Random Forest
Precision Recall Precision Recall Precision Recall Precision Recall

Depressive 69.48% 66.25% 98.00% 85.10% 77.26% 83.45% 83.05% 94.23%
Loss of interest 98.13% 87.01% 99.96% 89.07% 86.82% 98.37% 97.62% 96.46%
Appetite 68.99% 79.88% 99.08% 86.10% 86.04% 73.64% 78.48% 69.40%
Sleep 63.20% 62.60% 97.43% 89.77% 70.53% 72.53% 71.37% 91.93%
Thinking 54.82% 42.96% 96.79% 87.57% 58.10% 74.72% 82.53% 92.01%
Guilt 70.07% 78.64% 99.58% 78.43% 85.70% 77.77% 85.39% 90.69%
Tired 63.28% 72.30% 95.73% 94.07% 80.79% 72.10% 86.23% 64.00%
Movement 70.19% 73.28% 97.59% 74.33% 80.54% 83.07% 77.62% 75.70%
Suicidal 60.68% 63.58% 98.53% 82.80% 72.54% 69.52% 78.12% 90.64%

Normal 77.72% 61.78% - - - -
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Figure 2 Performance Bayes model (Left) and SVM model (Right) by 2,000 features (1 Level)
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Figure 3 Performance Bayes model (Left) and SVM model (Right) by 4,000 features (1 Level)
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Figure 5 Performance Bayes model (Left) and SVM model (Right) by all features (1 Level)
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Figure 6 Performance SVM + Bayes model (Left) and SVM + Random Forest model (Right) by 2,000 features (2 Levels)
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Figure 7 Performance SVM + Bayes model (Left) and SVM + Random Forest model (Right) by 4,000 features (2 Levels)



Vol 39. No 3, May-June 2020 Comparison of data mining structure performance for depressive

classification if twitter users from their posts on twitter of user behaviors

=4 Accuracy == Precision Yes === Precision No = Accuracy = Precision Yes === Precision No
RecallYes —#=—RecallNo  —@=—F-1 RecallYes ~=%—RecallNo —@—F-1
1.2
120.00%
1
100.00% i
§°‘8 W 80.00%
= <
=
g o6 Z 6000%
2 S
& &
& 04 & 40.00%
02 20.00%
0 0.00%
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

PROBABILITY THRESHOLD

PROBABILITY THRESHOLD

Figure 8 Performance SVM + Bayes model (Left) and SVM + Random Forest model (Right) by 6,000 features (2 Levels)
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Figure 9 Performance SVM + Bayes model (Left) and SVM + Random Forest model (Right) by all features (2 Levels)
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