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Abstract

The MDD patients do not often realize their own risk of being MDD and hardly access
to treatments in its early state. Thus, widely screening test is necessary to prevent and
control the mental disorder. This paper presents a method for screening major depressive
disorder (MDD) from Thai posts in social media. Unlike using questionnaire which requires a
person to personally perform, the proposed method can help in an MDD screening task to
cover in mass-screening on social media. The machine-learning based classification is
exploited to develop a model in discriminate positive and negative risk of being MDD
according to Thai screening questionnaire (2Q). From evaluation, the best machine-learning
technique for the task was support vector machine for 0.94 F-measure score. From the
screening model, we also found top-10 Thai terms that are positively informative for a risk of
being MDD.

Keywords: Text classification, Major depressive disorder, Mass-screening test, Mood analysis
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Introduction

Major Depressive Disorder (MDD) is a mood disorder causing a persistent feeling of
sadness and loss of interest [1]. MDD is one of the most common mental disorders found in
entire world, and the patients are mostly unaware of it. Thus, some people with MDD never
recognize themselves and seek for treatment [2] despite the MDD is well-studied and
treatable [3][4]. MDD can cause the one to experience feelings of restlessness or an urge to
harm oneself or to commit suicide at worst. The current and widely used method to detect
the person with MDD is the use of questionnaires called Patient Health Questionnaire-2
(PHQ-2) and Patient Health Questionnaire-9 (PHQ-9) [5] for screening and detecting,
respectively. However, since the symptoms of the MDD implicitly affects the patients, the
person at risk may not care or is unable to apply to the questionnaires. In Thailand, MDD is
the most mental disorder while about 4% of risk persons are accessed to the health-care
service [6].

In this work, we aim to develop a platform to screen persons with a risk of having
MDD using their posts on social media, which is Facebook. Since social media is a channel
for ones to express their thoughts and opinions freely, the words in the post may reveal the
signs of their MDD. Terms related to depressive manifestation and symptom according to
MDD guideline [5] and PHQ-2 are automatically detected using natural language processing
techniques to classify the risk of having MDD. The platform thus can help to primarily

monitor the risk of MDD patients and directs them for proper treatments.

Research Objectives
1. To develop a tool for screening major depressive disorder persons in risk through
their verbal expression via social media

2. To study Thai terms representing a sign for major depressive disorder

Related Works

1. Major Depressive Disorder and Its Detection

Major depressive disorder (MDD) is a mood disorder that presents with either a
persistent feeling of sadness or loss of pleasure [1]. MDD potentially becomes a chronic
illness of considerable morbidity with a high rate of relapse and recurrence [7]. It is very
possible that most of MDD patients who are suffering from MDD do not seek help since they
may lack of insight into their medical condition; the stigma associated with the label of
mental illness; and financial factors [8]. Despite MDD is evidentially treatable, most of the
patients do not get cured in time and lost the benefits of early treatments which result in

better outcome [8].
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MDD comes with symptoms of insomnia, low mood, anhedonia and suicidal thoughts
[5] which leads to tremendous loss. To prevent late detection of MDD, Department of
Health, Thailand has published Questionnaire into 2 sets for MDD screening (2Q) and
detection (9Q). The 2Q is for screening a risk of being MDD with two simple questions as
shown in Figure 1.

The 2Q returns as MDD risk if both questions are answered with positive result. With
the positive result, the person in risk will be asked to answer 9Q questionnaire for detecting
and severity diagnosis for MDD. The screening is an important medical procedure since
diagnosis for all Thai citizen costs tremendously. Furthermore, 9 questions (9Q) may

consume too much time once applied to all Thais.
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Figure 1. 2Q for screening MDD in risk from Department of Health, Thailand

However, a questionnaire requires the person in risk to answer the question
personally for the best outcome. Those who have low mood and uneasy with MDD
symptom or are in denial state of having MDD may not sincerely answer the questionnaires.
Another method to detect MDD is to monitor behaviour of person in question. However, the
issue of lacking medical personnel for the task is still carrying on.

Thus, this work aims to help in this task of monitoring MDD person. The use of social
media such as Facebook can help in monitoring one’s behaviour through their choice of
words and mood expression. With the automatic classification, our goal is to help in
screening the person in risk of MDD for more possibility to increase early treatment of the
disorder. This is the first step for the full-scale detection of MDD which will require another
behaviour analysis given in 9Q such as being insomnia and lacking motivation in the

diagnosis stage.



f z’ L)

ﬂ’]iﬂiw‘qN’J‘U’lﬂ’]iLLawu’]L?i'uE]Nﬁd’]uﬁﬁlﬁliwﬂUﬁi’]@LLa%u’]u’l‘U’]Gl ﬂidﬂ 10
"Global Goals, Local Actions: Looking Back and Moving Forward"

2. Automatic Classification

Automatic classification is a task to classify documents (or items) to designate class
or category automatically. It can be used in many domains such as grouping document,
sentimental analysis, and disease diagnosis.

The common method for automatic classification is to exploit the labelled data to
determine a category of item by considering difference in features or attributes using
machine learning to create a classification model. There are many machine learning
techniques which is often used for automatic classification with satisfied performance
including Naive Bayes (NB) [9], Support Vector Machine (SVM) [17], Decision Tree (DT) [9] and
deep learning [10].

In terms of mental disorder detection, automatic classification had been applied in
many works. The summary of well-known classification task in mental disorder detection is
given in Table 1. In the Table, NLP stands for applying Natural Language Processing
techniques such as syntactic parser and word collocation while ML refers to the use of

machine learning to generate classification model from supervised data.

Table 1. Related works on detection of mental disorder and suicide risk using text-based

classification
Techniques
Papers NLP ML Dataset
Detection of Suicide-Related Posts in Twitter | Lexicon- NB, DT Twitter posts
Data Streams (2018) [9] based
Goosgle and suicides: what can we learn - Regression Suicide data
about the use of internet to prevent analysis mortality from all
suicides? (2018) [10] American state
Analyzing the connectivity and - TF-IDF, Uni- Twitter posts
communication of suicidal users on twitter gram
(2016) [11]
Natural Language Processing of Social Media Word Deep Social media data
as Screening for Suicide Risk (2018) [12] vector Learning
Detecting suicidality on Twitter (2015) [13] - SVM, Twitter posts
Logistic

Regression
Online suicide prevention through optimized Word Genetic Twitter posts
text classification (2018) [14] vector | algorithms
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From the review, the work mostly focused on the suicide detection which is the far-
end of the MDD symptoms. The suicidality act and thought should undoubtedly be
prevented, but it is better to prevent the thought by early treatment of MDD. Their works
show acceptable performance in terms of accuracy. However, the works were done on
English language which has several supporting natural language processing tools with high
accuracy and great coverage. Moreover, Thai language has unique syntactic and semantic
style in use especially in social media. Thus, it is worthy to study in this matter for further

references.

Research Methodology and Tool Used in This Research

1. Development of MDD Screening System from Social Media

Since a sign of MDD manifests in one’s behaviors and expression, posts they made
via social media could reflect their changes and feeling at that moment. In this work, we
apply the technique of automated text classification to screen MDD patients from their
social media (SM) posts. Targets of his work are Thai people; thus, the language for
classification is Thai, and the selected social media is Facebook which is the most favorite
SM in Thailand. A framework of the automated classification is sketched in Figure 2. From
the framework, there are three main processes which are data cleansing, data training and

screening.
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Figure 2. An overview of MDD screening framework from Thai Facebook Posts

1.1 data preparation and cleansing
Data in this work are Facebook posts in Thai. The typos and misspelling words are
manually corrected to reduce noises and to prevent scattered term statistics. Moreover, it is

necessary to perform word segmentation to find term boundary. The word segmentation
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service selected in this work is Lexto [15] provided by NECTEC, Thailand. However, the
performance of the word segmentation is not perfect and some rare and unknown terms are
not properly segmented; hence, manual post-edit is applied for maintaining input quality.
Last, stop words, which are functional words used for representing grammatical function with
little to none meaning, are removed to maximize text processing performance in terms of
computational complexity from less search space. However, since the negation word (L) in
Thai has a function to negate a meaning of a word or a phrase, the word is essential in the
MDD screening task and keeps intact without modification or removing. An example of the

data cleansing process is drawn in Figure 3.

Original Post Fininaitenae voslsiluinunden lisvnegui
Post with MDD Feifhaidouines Weodlsfifudeanies Wesnsguia  [MDD Positive]
mood Label
M'sspE“_mg Fintitaindounes vierlitiumundon Wiormneguds  [MDD Positive]
Correction
Word im |\‘I| u | vinide | w0 | we | v | erls | A ] | Au ) nSes | | Bunn | g | udy
Segmentation [MDD Positive]
Stop Word Fn | wde | wn | i | e | odon | 1 | oen | o (MDD Positive]
Remowval

Figure 3. Examples of data preparation and cleansing process

Once the data are cleansed, the terms appeared in Facebook posts are constructed
in to a vector representation. The terms and posts are aligned into a vector regarding their
existence. The word-vector then will be used in a later learning process to create a

classification model.

1.2 Learning an MDD Screening Classification Model
The model for classification of screening MDD persons in this work uses supervised
learning technique. So, the data are labelled to ‘positive’ and ‘negative’ for screening result.
The label is annotated by MDD experts regarding the mood of the posts. With the labelled
data, several machine learning techniques can be applied to generate a classification model.

The terms and posts are arranged in a vector as exemplified in Table 2.
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Table 2. Some part of word-post vector for MDD screening

Post - o Lﬁlau - - ~
BINIT | ASERA | @0uUN | | NN | AUEUN Nagm | Label

ID v JIUNNY )

1 0 0 0 1 1 0 0 N

2 1 3 2 0 0 1 0 P

3 0 0 0 0 0 0 3 P

4 1 0 0 0 0 0 0 N
1500 0 2 0 0 0 0 1 =

In the vector example, the horizontal first line represents all terms from the entire
corpus while the vertical column represents posts. Meanwhile, the last column indicates the
label as P (positive) or N (Negative). The number in a vector indicates frequency of term

existing in a post. In this work, two techniques are used in comparison as follows.

® Support-Vector Machine (SVM) [16]: a non-probabilistic binary linear classifier.
An SVM model is a representation of the examples as points in space, mapped so
that the examples of the separate categories are divided by a clear gap that is as
wide as possible. New examples are then mapped into that same space and
predicted to belong to a category based on which side of the gap they fall [17].

° Naive Bayes classifier (NB) [18]: a conditional probability model using Bayes'

theorem. NB model assigns class labels to problem instances, represented as vectors

of feature values, where the class labels are drawn from some finite set. [19]

The two techniques exploit the label of data for creating statistical model that
separates incoming posts in a class of either positive (possible MDD) or negative (non-risk for
MDD).

Experiments

1. Experiment Setting

A data set in this experiment was a collection of 1,500 Thai Facebook posts. The
posts were anonymously collected in 10" December 2017. The posts were labelled with
‘positive’ or ‘negative’ for MDD screening by an MDD expert. Since the post was retrieved
anonymously, personal attributes such as gender and age were not focused. For statistic, a
ratio of positive and negative post was 50% each. The average number of words per post

was 19.34 while the shortest post was 11 words and the longest post was 37 words.
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Machine learning techniques used for classification of MDD screening were NB and
SVM. Hyper parameters of the classification were set to default according to the Rapid Miner
tool. The experiment was conducted using 5-fold cross validation [19] scheme. The
procedure of 5-fold cross validation is as follows.
1) The data set is randomly shuffled.
2) The data set is separated into 5 groups equally as 300 posts per group.
3) For each group:
a) A data group is assigned as testing data set.
b) The remaining groups is used as a training data set for generating a screening
model.
c) The model is evaluated using the left out testing data set.
d) The evaluation score is kept, and the model is discarded.
e) A testing data set is switched to another group and repeats step a-d until all
groups are used as testing data set.
This procedure guarantees that each sample has the opportunity to be used in the
testing data set for 1 time and used in the training data set for 4 times. The evaluation
measurement in this work is precision (P), recall (R) and F-measure (F1) score. The P and R is

calculated using confusion matrix as shown below.

True Positives (TP) | False Negatives (FN)
False Positives (FP) | True Negatives (TN)

The P score is obtained using (1), and the R score is calculated using (2). The F1 is

then calculated using P score and R score as given in (3).

P = i 1
~ (TP + FP) ey
n TP 2
~ (TP +FN)
_2(PR) ;
~ (P+R) (3)

TP is counted if the classification result is matched to given label of the post in the
testing data set. FP is counted in a case of the classified results given as positive but the

label is negative while vice versa for FN.
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2. Experimental Results and Discussion

Classification results of NB and SVM are given in Table 3.

Table 3. MDD screening results using NB and SVM classifier

Fold Precision (P) Recall (R) F-measure (F1)
NB SVM NB SVM NB SVM

1 0.94 0.97 0.93 0.91 0.94 0.94

2 0.91 0.95 0.90 0.91 0.91 0.93

3 0.95 0.97 0.93 0.92 0.94 0.94

4 0.97 0.98 0.95 0.92 0.96 0.95

5 0.93 0.95 0.92 0.92 0.93 0.93
Average 0.94 0.96 0.93 0.92 0.93 0.94

From the results, SVM classifier yielded the slightly better F-measure score for 0.01.
Moreover, although the precision (P) scores from SVM were greater in every k-folds than
those of NB classifier. However, the recall (R) scores of some folds, namely fold-1, fold-3 and
fold-5 from NB classifier were slightly better. These results indicated that the SVM classifier
returned more positive result more than those of NB, and the drawback of having more
precision was the more chance for generating false-negative results. From overall,
performance of both techniques was satisfied with 0.93 F1 score. Upon analysis of incorrect
results, there is an issue from semantic ambiguity. Since most of Thai words are polysemous
(one form with several different meanings), the words can represent different meanings in
different context. This directly reduces the accuracy of the result and leads to incorrect
screening. To prevent this issue in the future, a language model that considers sequence of
words such as n-gram model should be applied for accounting more on contextual
difference.

From the results, we can also learn that some Thai words are greatly related to
positive screening result of MDD. The top 10 Thai words for positive MDD sign from the
models are listed below in Figure 4. However, in practical, these words alone may not be
too much informative for MDD sign since the contexts play more crucial role to either soften
or strengthen the mood of the post. Thus, the more these words are used together, the

more possible the poster may show the sign of MDD.
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e 15a0 ® 5y ® A3uA o Up ® ndun
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Figure 4. The top-rank 10 Thai words found in MDD screening classifier model

Conclusions and Future Works

This work presents a method for screening major depressive disorder (MDD) from
Thai posts in social media using an automatic text-based classification. The machine-learning
techniques in this work are support vector machine (SVM) and Naive Bayes (NB). The posts
from Facebook are used as data set labeled by a mental disorder expert to split between
positive risk and negative risk. The supervised data are thus used for classification of MDD
screening. The evaluation results of 5-fold validation showed that SVM generated a
classification model of 0.94 F1 score while a model from NB obtained 0.93 F1 score. We also
found the top-rank 10 Thai words related to positive MDD risk from the models. To improve
the work, Thai language model of surrounding words such as n-gram should be applied in
the future since consecutive words (context) has a great effect on the entire meaning of
words. Moreover, an extension of the framework for detection of MDD according to MDD 9Q-
Questionnaire will be researched to cover all diagnosis processes. However, text-
classification alone may not be sufficient since the content of the 9Q also involves in

behavior changes.
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