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ABSTRACT

Depression is currently one of the most prevalent mental disorders and its incidence
has been rising significantly in Malaysia amid the Covid-19 pandemic. While previous
studies have demonstrated the potential of artificial intelligence technology in
analysing social media texts to detect signs of depression, most of these studies have
focused on English textual content. Considering that Mandarin is the second most
widely spoken language worldwide, it is worthwhile to explore depression detection
techniques specifically tailored for Mandarin textual content. This research aims to
examine the effectiveness of the BERT model in text classification, particularly for
detecting depression in Mandarin. The study proposes the utilization of the BERT
model to analyse social media posts related to depression. The model is trained using
the WU3D dataset, which comprises a collection of over 2 million text data sourced
from Sina Weibo, a prominent Chinese social media platform. Given the dataset's
inherent imbalance, text augmentation techniques were employed to assess whether
they contribute to improved model performance. The findings suggest that the BERT
model trained on the original dataset outperformed the model trained on the
augmented dataset. This implies that the BERT model is well-equipped to handle
imbalanced datasets effectively. Furthermore, it is speculated that the augmented

Keywords: dataset did not introduce novel information or knowledge during the model training
NLP; Depression; Machine learning; process. Notably, the highest-performing model achieved an impressive accuracy rate
Transformer; BERT of 88% on the testing dataset.

1. Introduction

Depression has emerged as a prevalent global ailment, affecting a substantial number of
individuals. The World Health Organization (WHO) reports that approximately 280 million people,
accounting for 3.8% of the global population, are currently grappling with depression [1]. Depression
symptoms include feeling down, losing interest in activities, difficulty concentrating, feeling helpless
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or hopeless and even having thoughts of suicide. Depression can be caused by various factors, such
as overall health, quality of life [2], family history, genetics [3] and more.

In Malaysia, the prevalence of depression has been on the rise, particularly during the COVID-19
pandemic and the subsequent lockdown period. A study has revealed that during the early COVID-
19 lockdown, approximately 11.1% of healthcare workers reported experiencing suicidal thoughts
[4]. In addition, the prevalence of depression with comorbid anxiety was 19.4% among Chinese adults
in Malaysia [5].

In today's information-driven era, social media has become a platform that enables people to
connect and communicate with each other regardless of time and space. It allows individuals to
effortlessly access information and share their thoughts, feelings and ideas. Social media serves as a
platform for expressing emotions and thoughts, seeking support and fostering connections,
transcending geographical boundaries [6]. When used appropriately, social media can have a positive
impact on its users. However, it is often blamed as one of the contributing factors to depression,
particularly among teenagers and young adults. Research suggests that the amount of time spent on
social media, specific activities, emotional investment and addiction to social media are strongly
associated with depression [7].

To detect depression, various techniques have been introduced, including linear regression and
different learning models like recurrent neural networks and convolutional neural networks. Many
researchers have conducted sentiment analysis on English textual content [8-10]. However, research
focusing on sentiment analysis of Mandarin text is relatively limited [11]. Given that Mandarin is the
second most widely spoken language globally, it is crucial to explore and develop early depression
detection techniques for Mandarin text, particularly for the benefit of Mandarin speakers.

1.1 Technique to Detect Depression on Social Media

Social media platforms have become a prominent means for individuals to express their thoughts,
ideas, feelings and opinions through text, images and videos. As a result, social media has emerged
as a rich source of data for studying and analysing user behaviour. Several studies have been
conducted to detect or analyse depression using text from social media.

One study focused on Facebook comments to explore and detect depressive behaviour in users
[12]. The researchers employed supervised learning approaches, such as decision trees, k-nearest
neighbours, support vector machines (SVM) and ensemble classifiers, for the task of depression
detection. They collected a total of 7,145 English comments from Facebook, with 4,149 comments
indicated as depressive and 2,996 comments as non-depressive. The study found that 54.77% of
depressive comments were captured between midnight and midday, suggesting a possible influence
of time on depressive emotions. The accuracy of the classifiers ranged between 60% and 80%.

Another study focused on Twitter data and compared various classification algorithms for
depression detection [13]. The study examined linear regression, SVM, multilayer perceptron,
decision trees, random forests, adaptive boosting, bagging predictors and gradient boosting. The
authors also investigated the impact of sample balancing on the dataset and found that certain
classifiers benefited from balanced sampling, while others did not. This highlights the importance of
experimenting with data balancing techniques to improve classification accuracy.

Deep learning approaches have also been utilized for depression detection. One study compared
Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN) models [14]. While RNN
is well-suited for sequential data like text sentences and audio, CNN showed superior performance
in natural language processing (NLP) tasks.
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A study conducted on the Mandarin language using Sina Weibo, a popular social media platform
in China, employed a multimodal learning-based deep neural network model called Multimodal
Feature Fusion Network (MFFN) for depression detection [15]. The authors contributed a large-scale
labelled dataset, the Weibo User Depression Detection Dataset (WU3D), containing over 400,000
depression-labelled data and 1,000,000 non-depression data.

In another study, CNN and RNN methods were applied to detect depression tendencies in Chinese
text [16]. The proposed model utilized parts of the CNN structure, including embedding,
convolutional layers, pooling layers and max-pooling layers, for feature extraction. The subsequent
layer involved LSTM for feature data processing, dropout and an output layer for result production.
The study showed that the proposed model outperformed an ordinary CNN model by 5% and
highlighted the potential for further experimentation with hyperparameters.

Furthermore, image processing techniques have been employed for depression prediction on
Instagram [17]. Unlike text-based platforms, Instagram is primarily focused on photo and video
sharing. In this study, an application was designed to collect photos and history from participants'
Instagram accounts. The collected data were then used to train a 100-tree random forest classifier
algorithm.

Another study proposed a multimodal dictionary learning solution for depression detection by
continuously harvesting social media content [18]. The authors constructed three sets of datasets,
including a Depression Dataset (D1) of tweets from depressed users, a Non-depressed Dataset (D2)
from non-depressed users and a Depression-candidate Dataset (D3) containing loosely related
tweets. Various features such as social network features, user profile features, visual features,
emotional features, topic-level features and domain-specific features were extracted and used for
classification.

In conclusion, depression detection can be approached through various methods, including NLP,
image processing and multimodal analysis. While many studies have focused on NLP-based
approaches, there is a need to explore the capabilities of NLP models for depression detection in
Mandarin and investigate attention mechanism-based models like BERT for this task.

1.2 Background Studies on Algorithms used for Depression Detection

Natural language, including languages like English, Mandarin and others spoken by humans,
serves as a means for human communication. The field of natural language processing (NLP) aims to
equip computers with the ability to comprehend texts and speech in a manner similar to humans.
However, NLP poses significant challenges. In contrast to other machine learning tasks such as
computer vision and classification, NLP models tend to be large in size. This is primarily because
natural language data is vast, often approaching infinite quantities. Additionally, many words in
natural language exhibit ambiguity, possessing multiple meanings. Furthermore, natural language
exhibits feature such as homophones, sarcasm, metaphors, grammar and homonyms. Consequently,
developing a machine capable of comprehending human language on par with humans is an
immensely difficult task [22].

The recurrent neural network (RNN), introduced in 1986, has become a highly popular model in
the field of natural language processing (NLP) [23]. It is an evolution of feedforward neural networks,
including linear regression and convolutional neural networks (CNN). RNN stands out by utilizing
internal memory, allowing it to retain information about the context of input data and make
predictions about what might follow. This capability is particularly valuable when dealing with
sequential data, as considering the context is vital for generating meaningful and relevant
predictions. In many NLP tasks, the RNN model frequently outperforms other models, such as CNN
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[24]. Nonetheless, one notable challenge with RNNs is the issue of gradient vanishing or exploding
during the backpropagation process, which can impede their effectiveness.

In 1997, Sepp Hochreiter and Jiirgen Schmidhuber introduced a significant advancement to the
concept of recurrent neural networks (RNN) with the development of long short-term memory
(LSTM) [25]. LSTM builds upon the foundation of RNNs by incorporating additional components
known as gates within each layer. These gates include the input gate, forget gate and output gate.
The input gate determines which values from the input or previous layer should be used to modify
the memory. The forget gate, as the name implies, decides which information should be discarded.
Lastly, the output gate allows the processed data within a layer to be outputted to the next layer.

One notable advantage of LSTM is its ability to address the issue of gradient vanishing
encountered in traditional RNNs. By incorporating these gates, LSTM provides better memory
performance and is particularly suited for processing sequential inputs of variable lengths. This
feature allows LSTM to effectively capture and retain essential information from the input data,
regardless of the sequence's length.

Seq2Seq, also known as the encoder-decoder model, is a machine learning approach widely used
in NLP tasks. It takes an input sequence and produces an output sequence. It finds applications in
machine translation, image captioning, text summarization and more [26]. The encoder, typically
built with a stack of RNN models like LSTM, encodes the input sequence. The decoder, also
constructed with RNN models, decodes and generates the output sequence. The encoder vector, a
hidden state, acts as the initial state for the decoder, encapsulating the encoder's information and
facilitating the generation of the output sequence.

The attention mechanism, introduced in 2014 by Dzmitry Bahdanau et al., [27], was developed
to overcome the limitation of using a fixed-length vector in encoder-decoder models, where
information could potentially be lost between the encoder and decoder. In traditional encoder-
decoder models, the decoder relies on a fixed-length vector generated by the encoder to make
predictions. However, this approach becomes problematic when dealing with long input sequences,
as crucial information can be lost.

The attention model addresses this issue by predicting each output word based on a specific part
of the input sequence that is considered the most relevant, rather than relying on the entire context.
By focusing on the most relevant information at each step, the attention mechanism ensures that
important details are not overlooked or omitted during the decoding process. This approach
enhances the model's ability to capture and utilize all relevant information, leading to improved
performance and more accurate predictions.

The Transformer model, introduced by Ashish Vaswani et al., [28], relies solely on the attention
mechanism. It eliminates the need for recurrent or convolutional neural networks and instead utilizes
self-attention to capture word relationships within a sequence. This approach enables the
Transformer to achieve superior performance compared to previous models in machine translation.
Additionally, the Transformer has found successful applications in computer vision tasks such as
object classification, resolution enhancement and video processing [29-32].

BERT (Bidirectional Encoder Representations from Transformers) is a pre-training Transformer-
based model that learns contextual relationships in sequential data from both directions. Unlike the
original Transformer, BERT focuses on generating a generalized model instead of accomplishing
specific tasks. Pre-trained BERT models are readily applicable to various tasks with minimal fine-
tuning, saving computation resources and time. BERT employs the Masked Language Model (MLM),
which allows it to learn the contextual relationships in sequential data from both directions. This
approach mimics human reading behaviour, as reading a sentence from both directions can help
algorithms better understand the context and make more accurate sense of the text.
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These studies highlight the effectiveness of machine learning in analysing and detecting
depression using various methods. NLP is commonly used for textual-based depression detection,
although most studies focus on English. Exploring the attention mechanism, particularly the BERT
model, could enhance accuracy in this area. Further research in this direction holds promising
potential for advancements in depression analysis and detection.

This research aims to assess the performance of the BERT model in text classification, specifically
in Mandarin. The study proposes the use of the BERT model for detecting depression on social media.
The model is trained using the WU3D dataset, which comprises over 2 million text data collected
from a popular Chinese social media platform called Sina Weibo. Considering the dataset's
imbalance, text augmentation techniques were employed to examine whether they can enhance the
model's performance.

2. Methodology
2.1 Dataset Preparation and Processing

Dataset WU3D published by Wang et al., [15] will be used in the study. WU3D includes two JSON
files that are for depressed data and non-depressed data and contains various attributes such as
username, gender, birthday, post content and other post-related attributes like several sharing and
like. There are more than 400000 depressing data and 1700000 non-depressed data that are
collected from Sina Weibo since the Year 2020.

The data is stored in JSON format and grouped by user. In other words, a user could contain one
or multiple post data. However, this study is not concerned with analysing user behaviour and
individual depression tendency. Thus, user information and non-content post attributes will be
excluded. Finally, “tweet_content” is the only attribute that will be retained.

The dataset is considered clean as all of the non-text contents had been removed by the authors,
thus there is no further cleaning processing for this dataset. But, since only the attribute
“tweet_content” is needed, the data need to be transformed into table format and stored in CSV
format for ease of model training process. The depressed and non-depressed datasets will be
transformed and combined into a single dataset with an additional attribute called “depressed” (1
for depressed, 0 for non-depressed) to indicate whether it is depressed or not.

However, there is another issue that needs to be addressed in this dataset. This dataset is
unbalanced. Non-depressed data is significantly more than depressing data. Thus, a comparison of
sampling techniques needs to be done to determine a better solution that could improve the
detection accuracy.

2.2 Establishing Model

Before BERT was introduced, the model is trained to solve specific NLP tasks such as sentiment
analysis, text classification, document summarization and etcetera. Each trained model is not capable
of solving other tasks.

As mentioned in the previous chapter, the BERT model is designed to generate a language model,
thus it only consists of an encoder. BERT can solve most of the common NLP tasks and even performs
better than previous NLP models. Apply BERT in various NLP tasks, it only requires adding additional
output layers and performing fine-tuning on it.

As the name suggested, BERT learns context from both directions of sequential data (left to right
and right to left). BERT model is pre-trained with 2 NLP tasks: Masked Language Modelling (MLM)
and Next Sentence Prediction. MLM training is to mask or also known as hiding a word in a sentence,
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then predict the word based on the context of a sentence. Next Sentence Prediction is to train the
BERT model by feeding two sentence inputs and learning to determine if the second sentence input
correlates to the first sentence input or is just a simple random sentence. In addition, BERT is pre-
trained with multilingual data which is 100 languages.

In this study, a pre-trained BERT model called bert-base-chinese is selected to establish a
depression detection model. It is a pre-trained model with simplified and traditional Chinese text
data, consisting of 12-layer, 768-hidden nodes, 12-heads and 110 million parameters. It is a huge
model. However, it only required fine tuning on the output layer to get a state-of-the-art result.

Before performing training on the model, the dataset will be split into training and testing
datasets. The training dataset will be used to train the model, while the testing dataset is to evaluate
the performance of the model. Data in the dataset will be split randomly to minimize the biasness.

Then, the model will be trained with a training dataset until it is believed to achieve the best
accuracy.

2.3 Evaluating Model

After the model is trained, the model will evaluate with the testing dataset to find out if is there
any biasness, underfitting and overfitting in the model. If the result is not as good as the training
dataset, it could have biasness within the dataset, or the algorithm itself. Further fine-tuning if
needed.

The following show the metrics used to evaluate the performance of the model:

i.  Confusion Metrics: It is a performance measure for classification problems.
e True Positive: Predicted positive and it is true.
e False Positive: Predicted positive and it is false.
e False Negative: Predicted negative and it is true.
e True Negative: Predicted negative and it is false.

Table 1
Confusion metrics

Actual True Actual False
Predicted True  True Positive (TN) False Positive (FP)
Predicted False False Negative (FN) True Negative (TN)

ii.  Accuracy Eq. (1): To calculate how many correct predictions are in percentage.

TP+TN (1)
TP+TN+FP+FN

iii.  Precision Eqg. (2): To calculate how many correct positive predictions are among the total
positive predictions.

TP
TP+FP (2)

iv.  Recall Eg. (3): To calculate how many correct positive predictions are among the total of
correct predictions.
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TP
TP+FN (3)

v.  Fl-score Eqg. (4): To measure the balance between precision and recall.

2*Precision*Recall

Precision+Recall (4)

Besides confusion metrics, the top 20 frequent words will be extracted from both the original
testing dataset and the best-trained model prediction. Frequent words will be visualized by word
cloud and displayed in tabular form. By side by side comparing the frequent words, allows the
researcher to find out which words have higher weightage in the model to make a classification and
also the model has a similar depressed word weightage with the testing dataset.

2.4 Fine-Tuning

The following hyperparameters are used in model fine-tuning:

i. Train-Evaluation-Test split ratio: The split ratio of training, evaluating and testing datasets
are 60:20:20. Figure 1 shows the distribution for each dataset in term of the number of
rows of data.

e Training dataset: 1276695 rows
e Evaluating dataset: 425565 rows
e Testing dataset: 425565 rows

Train-Evaluation-Test Split Ratio

1200000 -

1000000

800000 +

600000

Number of Data Rows

400000 +

200000 A

Taining Evaluating TEsting
Datasets

Fig. 1. Train-Evaluation-Test split ratio
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Vi.

Vii.

viii.

Learning rate: According to the BERT author, the learning rates recommended are 3e-4,
le-4, 5e-5 and 3e-5. Initially, 5e-5 is selected for learning rate during fine-tuning the
model. However, the model does not behave expectedly during evaluation as it predicts
all data into a single class which is normal. At first, it is believed that this issue is caused
by animbalanced dataset as data labelled as normal has significantly more than depressed
data, so the data sampling technique is adopted to balance the ratio of normal and
depressed data, which is a ratio of 1:1. After a few iterations of model training and
evaluation, this issue does not resolve expectedly. As it is known that a balanced dataset
does not help in resolving this issue, it is suggested that it could be because of
inappropriate configuration. After changing the learning rate to a smaller figure which is
2e-5, the model is capable of classifying data into both labels. In addition, training and
evaluation loss is decreasing gradually throughout the entire training process.

Evaluation strategy: The evaluation strategy refers to when or where to evaluate the
training process. In this research, evaluation is conducted every 5000 steps of the training
process.

Evaluation steps: Evaluation steps refer to evaluations that take place in every defined
number of steps. As mentioned in the evaluation strategy, evaluation is conducted every
5000 steps of the training process.

Training batch size: Batch size per Graphics Processing Unit (GPU) for evaluation. In this
research, the evaluation batch size is 20. Bigger the batch size, the faster the training
process.

Evaluation of batch size: Batch size per Graphics Processing Unit (GPU) for evaluation. In
this research, the evaluation batch size is 20. Bigger the batch size, the faster the training
process.

Training epoch: The number of training epochs refers to the number of times a model is
trained throughout a complete dataset. Since fine-tuning does not require a lot of epochs,
2 epoch is used in this research.

Early stopping: Early stopping refers to a strategy to stop the training when a model’s
performance on the evaluation dataset starts to degrade. The advantages of early
stopping are to avoid over-training on a model which might lead to overfitting and also to
save training time. In this research, the model being stop training when the evaluation
loss is increasing in three successive times.

2.5 Best Model Selection Strategy

To determine the best model throughout the training, evaluation loss will be used. The training
checkpoint with the lowest evaluation loss will be indicated as the best model.

2.6 Data Sampling

As it is

an imbalanced dataset (depressed: 408797, normal: 1783113) (Figure 2), the model will

be trained with the original dataset, under-sampled dataset and over-sampled dataset, then

determine

which model performs the best.
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normal

Fig. 2. Distribution of "depressed" and "normal" class

The over-sampling techniques adopted are back-translation and contextual word embeddings. In
this research, minority data which is depressed data will be oversampled. Back translation is a text
augmentation technique to translate text data into another language and then translate it back to
the original language. The contextual word embeddings technique is to either replace or insert a new
word in a text sentence.

Over-sampling Example:

i. Back-translation (Mandarin > English > Mandarin) (Table 2):

Table 2
Back-translation

Input ES A a8
Back-translation | feel so tired
Result ES AT = Tad

ii. Contextual Word Embedding (replace) (Table 3):

Table 3
Contextual word embedding

Input SRS
Result BEHSEEITHT
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iii. Contextual Word Embedding (insert) (Table 4):

Table 4
Contextual word embedding

Input SR ETFFES
Result g 58 EEEIFEE

Under-sampling is relatively simple. Data from the majority class which is labelled “normal" will
be abundant randomly to create equal-sized classes.

The model will be trained from stretch again with the sampled dataset (over-sampled or under-
sampled). Then, compare the performance among three models (trained with the original dataset
and sampled dataset) to determine the best model.

3. Research Findings and Discussion

The study aims to explore the capabilities of the BERT model in detecting depression tendencies
from Mandarin text sentences. Three pre-trained BERT models are trained according to the original,
under-sampled and over-sampled datasets. To determine the best-performed model, each model
will be evaluated by a confusion matrix such as accuracy, precision, recall and F1 score.

Besides, visualization technique such as word cloud is presented to the most frequent words that
appear in depressing data. By exploring the most frequent words, it could achieve the following
objectives. First, to determine if the trained model can predict the depressed sentences correctly.
Second, is to determine what features have been learnt by the model.

3.1 Comparison of Performance of Models Trained with Different Sampling Techniques

Table 5 show the performance metrics for each model trained with different data sampling
technique. As mentioned before, there are three models trained accordingly. To find out the best-
performed model, a confusion matrix will be adopted for evaluation. The table below shows the
matrix scored by each model.

Table 5
Model performance comparison
Metrics Model
Original Under-sampled Over-sampled
Confusion Matrix True Positives 335243 295416 329351
False Positives 9576 49403 15468
False Negatives 39438 27080 39551
True Negatives 41309 53667 41196
Accuracy 0.88 0.82 0.87
Precision 0.81 0.52 0.73
Recall 0.51 0.66 0.51
Fl-score 0.63 0.58 0.60

From Table 5, the model trained with the original dataset outperforms while compared with
others. It is interesting to report that an unbalanced dataset does not affect the performance of the
model in classifying normal and depressed data in this research.
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The model trained with the under-sampling technique performed the poorest compared with the
other model. As data of the majority class is being downsized from 1034446 to 242249, potential
important features and information might be lost. Besides, the sampled dataset could lead to the
issue of biases. Due to these reasons, the model does not perform well as it is not able to learn
comprehensively from the sampled dataset. However, the model scored the highest recall, which
shows that the model is more capable of classifying positive samples which is depressing data. It
provided an interesting perspective and suggested that the sampled data helps the model narrow
down and focus on potential features to make an accurate classification of the positive class although
some potential information had been discarded.

The model trained with over-sampling does not perform well as expectedly as well, but it is close
to the best-performed model. After performing text augmentation, 792197 data are created and
appended to the minority class. However, augmented data are based on the existing dataset, the
model might learn new information and knowledge from it. In addition, oversampling could be
overfitting as well, but this issue has not been found in this research yet. According to the
performance metrics, the model does not benefit from the oversampled dataset and eventually
slightly performed poorer than the model trained with the original dataset.

Another evaluation metric called the Receiver Operator Characteristic (ROC) curve is used to
measure the performance of binary classification. The curve plots True Positive Rate (TPR) against
False Positive Rate (FPR) at different thresholds. An ideal binary classifier will achieve 100% of TPR
and 0% of FPR, in which a ROC curve will be presented at a 90% angle to the top-left corner.

In sum, a curve closer to the top-left corner indicates that a model performed better. Area Under
the Curve (AUC) measures the area underneath the curve. AUC summarize the ability of a model in
distinguishing between 2 classes. The higher the AUC score, a model has better performance in
classifying positive and negative classes.

Figure 3 shows the ROC curve and AUC metrics of three trained models. All of the models show a
similar curve pattern. However, the model trained with the original dataset scored slightly better
than the others.
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ROC Curve
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Fig. 3. ROC curve
3.2 Word Cloud and Frequent Words of Depressed Data

Word cloud and word count table are presented in this section to show the most frequent words
that are appearing in data which is labelled as depressed. Two-word clouds are presented, one is
generated from the original dataset, second is generated based on the model classification. By
looking at the word clouds, both word clouds show quite a similar pattern in terms of word sizes. For

instance, “48” (think) and “15¢” (say) are the largest size inside the word cloud (Figure 4 and Figure 5).
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Table 6 shows the top 20 most frequent words of depressed class data from both the original
testing dataset and model classification. This result does not represent the whole knowledge that the
model had learned, but it is good to compare if the model could determine the keyword that makes
a sentence tend to be in the meaning of depressed.

Despite the natural words like “158” (says), “48” (think) and “ELfY” (really) which are placed in the

top three, both word cloud shows a very similar result. From this result, it can be said that the model
had learnt most of the depressing tendency words from the training dataset. For example, words

containing negative meanings like “JEB” (depressed), “DEBAE” (depression), “S&@&5" (pain), “FE”
(die / death) and so on appeared on both tables.
Table 6 also shows a very interesting, phenomenal. Apart from negative words, it is surprising

that the word “f%—F" (child) also appears very frequent in depressed class data. It suggested that a

child could be one of a reason that induces depression emotion. Words “IZ” (eat) could lead to
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uZ=<t_2n
=

medicine intake or anorexia; (hope) could also suggest to a depressed person that they are

hopeless or looking for hope.

Word “t&%&” (emotion) replaced “BE&” (friend) in the top 20 from the trained model result. It
means that the model learned the word “emotion” tent to have appeared in most of the depressing
tendency sentences instead of the word “friend”. Finally, the word “ZE” (walk) is polysemous. It can
mean walking or passing away.

Table 6

Depression words count comparison

Original Testing Dataset Classification from Trained Model
Word Count Word Count
152 (say) 15475 ¥ (say) 13265
38 (think) 10011 48 (think) 8750
EH# (really) 9413 B (really) 8407
f# (do / make) 7797 & (pain) 7627
&% (pain) 7123 ff (do / make) 6488
E XX (like / interested) 6219 HNERYE (depression) 5532
% (love) 5873 Z (love) 5072
HNEB4E (depression) 5430 R (feeling) 4962
X1 (feeling) 5323 E X (like / interested) 4692
HSE (life) 5295 HE (life) 4610
#E (hope) 5030 fZ (eat) 4429
F%F (child) 4930 F%F (child) 4252
1Z (eat) 4812 %R (depress) 4212
5 (world) 4442 ¥ (hope) 4184
4R (depress) 4067 Y (suffer) 4024
ZE 1% (happens) 3997 R (world) 3871
M (suffer) 3700 %1% (happens) 3591
7E (walk) 3575 3E (die / dead) 3311
3t (die / dead) 3380 7E (walk) 3225
BR & (friend) 3205 {&%% (emotion) 2992

From the visualization of word clouds and word counts table, depression data classified by the
trained model is similar to the testing dataset. Hence, it can conclude that the model is capable of
classifying depression tendency data. In addition, looking at the word cloud and table, also explained
what words and features had been learnt by the model to classify depression. For example, the words

“SEE" (pain), “HDEBAE” (depression), “HPER” (depressed) and so on are learnt by the model that most

probably appears in depressed data.
Figure 6 shows the line chart of depressed word frequency of both the testing dataset and model
prediction.
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Fig. 6. Line chart of depressed words frequency

4. Conclusions

Depression is one of the most common mental disorders nowadays, especially during the COVID-
19 pandemic. Social media is not only a platform for communication and relationship connectivity
but also a virtual place to seek for emotional support especially people who are suffering from
depression. From the literature review, classification algorithms and machine learning techniques
had been studied and experimented with in detecting depression tendencies from the textual
content of social media posts. However, most of the existing studies conducted focus on English
language text content and Mandarin is relatively lesser. Besides, the attention mechanism-based
model is a state-of-the-art model in the NLP domain. Therefore, it is worth finding out the capability
of an attention mechanism-based model like BERT in the task of Mandarin textual content depression
detection.

In this thesis, the BERT model is adopted and experimented with for depression detection on
Mandarin textual data. The model is trained upon the dataset WU3D contains millions of Mandarin
textual post data collected from Sina Weibo in China. As the dataset is highly imbalanced, the BERT
model will be trained separately by the original dataset, under-sampled dataset and over-sampled
dataset. After that, confusion metrics and ROC curve is used to compare the performance among
these three models.

From the result, the sampling technique does not help in improving the performance of the
model. As discussed in the previous section, significant data might be eliminated through the under-
sampling technique. On the other hand, the model does not gain new knowledge and information
from the over-sampled dataset because new data is augmented from the existing dataset, which
could lead to the issue of overfitting as well.

In conclusion, the BERT model trained by the original dataset performs the best although the
dataset is highly imbalanced. It can also conclude that the BERT model is adaptive and work well in
the imbalanced dataset. Besides that, this model is also able to detect depressed tendencies in
Mandarin text sentences. This study also believed that it could benefit related domains like social
care and psychology by early detection of depression on social media and providing timely help.
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5. Future Works

This study only focuses on Mandarin language text data. However, the dataset being adopted is
from China, it could not represent the entire Chinese community as a whole. For instance, Taiwanese
tend to use traditional Chinese; Cantonese communities adopt different types of written systems;
Chinese communities from non-Greater China regions such as Singapore and Malaysia might mix local
languages in their daily communication. Thus, it is worth exploring and extending the capability of
the BERT model in detecting and classifying various Mandarin variants or even mixing them with
other languages.

Besides, grammar and word preferences in Malaysian Chinese also have many differences when
compared to Chinese from mainland China. For example, Malaysian Chinese tends to not follow the
proper Mandarin grammar like the following sentence structure: subject-verb or subject-verb-object.
Verbs at the end of a sentence could happen among the Malaysian Chinese community. Due to this
reason, the current model might not work well when it has been adopted among the Malaysian
Chinese community. To make the model well fit Malaysian Chinese culture, the dataset needs to be
collected from sources that originate from Malaysia. The contribution of the dataset could be helpful
and benefit future research regardless of the domain of computer sciences, social work and
psychology. Meanwhile, we can adopt the model to produce a fun learning as described in the work
[32].
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