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Purpose: While diagnosing mental disorders in traditional approaches relies on questionnaires, interviews, and clinical
trials, automated screening tools can take a shorter path. These tools can be developed as innovative evaluation
techniques, decision support systems, and prevention strategies to help susceptible individuals. Due to the tendency of
people to share thoughts and feelings on social platforms, microblogging data contains valuable information that can be
analyzed to identify users’ mental states. This study desctibes a roadmap for data analysis in the field in question.

Methodology: In the first part of this paper, concepts such as electronic mental health and microblogging platforms
are introduced. And their conceptual relationship is discussed by providing explanations about data science and social
data analysis. Next, the prediction of disorder in social platforms is described separately. Finally, by reviewing related
works and open issues, we explain how data collection, pre-processing, and analysis are done using different features of
real-world data.

Findings: By experimental analysis, this study shows that the extracted features from the users’ profiles have a significant
effect on predicting mental health symptoms, and even with the information extracted from the users’ public profiles,
the mental state can be predicted with reasonable accuracy.

Originality/Value: In this study, automatic analysis of social data to investigate the psychological signals is desctibed,

and in the implementation section, it is founded that the symptoms can be followed in almost all the studied features.
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Figure 1- Conceptual framework for mental health analysis based on social data.
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2 Hypotheticals statement 13 Image analysis

3 Quotes 14 Social interactions

4 Retweets 15 Opinion mining

5 Hashtag 16 Polarity

¢ URLs 17 Neutral

7 Lowercasing 18 Linguistic Inquiry and Word Count
8 Segmenting (LIWC)

° Emoticons 19 Parts of speech

10 ASCII codes
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! Overfitting 15 Support vector machine
2 Statistical analysis 16 Kernel

3 Pearson’s correlation coefficient 17 Linear

4 Spearman rank 13 Radial basis function
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7 Randomized principal component analysis 21 Logistic

8 Convolutional Neural Network (CNN) 22 Naive Bayes
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10 Forward greedy stepwise 24 Random forest

! Binary logistic regression % Train dataset

12 Gain ratio

13 Relief
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Table 1- Comparison of different analysis methods.

Tweets Bio Descriprion
Classifier Methods Accuracy F1 Accuracy F1
Logistic LIwC 0.67 0.68 0.61 0.58
Regression Char2 0.65 0.64 0.58 0.58
Char4 0.71 0.70 0.67 0.62
Word1 0.75 0.75 0.63 0.54
Word2 0.75 0.75 0.54 0.38
Linear LIwC 0.72 0.74 0.60 0.59
SVM Char2 0.64 0.63 0.58 0.57
Char4 0.71 0.70 0.71 0.70
Wordl 0.74 0.74 0.76 0.77
Word2 0.74 0.74 0.54 0.42
Catboost LIwC 0.73 0.73 0.58 0.57
Char2 0.65 0.64 0.59 0.58
Char4 0.74 0.73 0.67 0.63
Wordl 0.88 0.87 0.60 0.50
Word2 0.91 0.89 0.53 0.27
MLP LIWC 0.73 0.74 0.60 0.57
Char2 0.61 0.61 0.53 0.52
Char4 0.68 0.68 0.83 0.82
Word1 0.70 0.70 0.72 0.69
Word2 0.70 0.70 0.52 0.62
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Figure 3- Comparison of the accuracy achieved by tweets analyzing methods.

3,

A

(-

sl

m Logistic Regressionm Linear SVM m Catboost = MLP

N

o
< S
© ©
o o
R

CHA
b b S g 4525 Cogliio gla gy 50 00bel Cawdy s dumlio - F i
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