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Abstract

Mental health is considered as one of today’s world’s most prominent
plagues. Therefore, our work aims to use the potential of social media
platforms to solve one of mental health’s biggest issues, which is depression
identification. We propose a new deep learning model that we train on a
depression-dedicated dataset in order to detect such mental illness from an
individual’s posts. Our main contributions lie in the three following points:
(1) We trained our own word embeddings using a depression-dedicated
dataset. (2) We combined a Convolutional Neural Networks model with the
Message-level Sentiment Analysis model in order to improve the feature
extraction process and enhance the model’s performance. (3) We analyzed
through different experiments the performance of three deep learning models
in order to provide more perspectives and insights for depression researches.
A total of four classifier models were deployed with the same dataset. Those
implementing CNN-BIiLSTM with Attention model attained greater overall
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Accuracy, Recall, Precision and F1 macro scores of 0.97, 0.95, 0.84 and 0.92
on the final assessment test set, respectively.

Keywords: Sentiment analysis, early risk detection, deep learning, mental
health, depression identification, text classification.

1 Introduction

Nowadays, people are using social media to express their feelings and share
their innermost thoughts and desires, most importantly, all of that is done in
a naturalistic way, giving us an opportunity to overcome the manipulation
issue addressed in self-reported depression questionnaires. Thus, it allows
us to capture these thoughts in their rawest form and use them to identify the
publisher’s present state of mind, which can be used, using sentiment analysis
techniques, to detect clinical depression.

Major Depressive Disorder identification has been the subject of research
of many fields, psychiatry, psychology, medicine and even sociolinguistics
fields. Depression comes in different degrees and the examinations are usu-
ally done through one of the popular questionnaires used by psychologists,
such as the Center of Epidemiologic Studies Depression Scale (CES-D) [25],
Beck’s Depression Scale (BDI) [4] and Zung’s Self-Rating Depression Scale
(SDS) [43]. But, these examinations lack empirical data as they use the
patient’s observations or a third-party’s ones which puts the results under
the risk of flawed subjective human testing that can be manipulated easily,
often with the purpose of gaining antidepressants or just to hide one’s own
depression from peers [23].

The aim of this study is to use artificial intelligence’s deep learning
techniques to overcome one of mental health’s most prominent challenges,
which is identifying depression automatically from an individual’s behav-
ior. We use social networks posts as a medium to track such behavior
due to the thought expression culture of the platform and the availability
of the data. Despite the efforts invested in it, mental health still remains
one of the most life-threatening health issues in the world. What makes
such matter worth more attention is the threat that comes from neglect-
ing it. Research has shown that individuals suffering from one or more
mental illnesses are likely experience a snowball effect towards other dis-
orders, leading to life-degrading consequences, and in some cases, to fatal
ones.
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One of the most widespread mental disorders amongst the world’s
populations is Major Depressive Disorder, commonly known as clinical
depression, with nearly 300 million individuals suffering from it globally [1].
Studies have shown that 3—-5% of males and 8—10% of female from the total
world’s population are likely to experience a major depressive episode within
a period of one year [1]. What makes depression the most known disorder in
the world, is its likelihood of being triggered by other health issues as it often
co-occurs with other illnesses and mental conditions. With that being said, it
has been reported that it’s one of the major causes of suicide, something that
shows why it deserves more attention.

The reason why depression is considered as life-threatening, is because
of its methods of identification. Diagnosis is extracted from the patient’s self-
reported experiences, behavior questionnaires, and surveys, which makes it
prone to manipulation. Moreover, individuals suffering from depression tend
to hide what they are going through and never seek out for help in most of
the cases, something that can cause their state to worsen, and sometimes lead
to suicide.

In our daily life, our behaviors and decisions are highly influenced by
other people’s opinions. In Social Psychology, this phenomenon is called
social compliance. Whether consciously or not, every choice we make is
based upon a previous opinion.

With the birth of web 2.0, people began to express their opinions freely,
publicly, and in different forms, something that increased the level of interest
of organizations and companies in such data because of their precious value.
Such insights can be very profitable to businesses and have a great political
and economical impact on society. From that, a new research field birthed and
became the center of attention of computer science’s research community,
and it is called sentiment analysis.

One of mental health’s most important challenges is identifying depres-
sion automatically from an individual’s behavior. Once identified and treated,
depression has been proven to be cured. Therefore, our main objective
with this study is to propose a new way for identifying depression, a way
that is based on concrete data and tracked natural behavior. For that, we
strive to use one of today’s most advanced technologies, which is deep
learning.

Since people are using social media more and more to express their feel-
ings and share their innermost thoughts and desires, we take posts as a source
of data, as it records people’s self expressions in their most naturalistic way.
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Social media platforms like Twitter, Facebook, and Reddit allow people
to share their views and feelings regarding an extensive gamut of topics on the
Internet. Many research works have analysed the prowess of data from social
media platforms for determining indications of depression. Furthermore, the
scientific community has set forth different shared tasks like eRisk (Early
Risk Prediction on the Internet)! of CLEF (Conference and Labs of the
Evaluation Forum) and CLPsych (Computational Linguistics and Clinical
Psychology). In eRisk, the goal was to estimate whether a user was facing
depression, considering a set of posts in a chronological sequence.

In this paper, we were interested in eRisk 2018 dataset because it was
huge, labelled, and poised. Prediction is roughly categorised into two phases:
training and test. In the training phase, eRisk 2018 emitted chunks of training
data along with the test data of eRisk. The chunks comprised user content
posted on Reddit along with results of classification. Users are categorised as
depressed and non-depressed. Four models have been deployed through the
deep learning methodology, that are:

e Model 1-Naive Bayes classifier,

e Model 2-CNN model,

e Model 3-LSTM model,

e Model 4-CNN-BiLSTM with attention model

Our main contributions with this work lie in the four following points:

o We demonstrated the potential of social media data for extracting clini-
cal depression symptoms in individuals that can be leveraged to improve
the current questionnaire driven diagnostic tools in its ability to glean
clinical depression symptoms in a natural setting and in a continuous
and unobtrusive manner.

o This proposed model could benefit future research on building a warning
system which can predict the onset of major depression.

o Current clinical approaches is mainly focused on individuals; our find-
ings can be utilized to automatically assess public health at commu-
nity level for determining health risks behavior, suicidal tendency and
help-seeking behavior.

e We analyzed through different experiments the performance of three
deep learning models and one classic classifier in order to provide more
perspectives and insights for depression researches.

'http://early.irlab.org/
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This paper is composed of 4 sections:

e The first section is dedicated to depression detection related works that
tackled the same or a similar problematic as ours.

e In Section 3 we present our proposed model and we explore each of its
layers while explaining its origins and the different models it is built
upon.

e In Section 4, we go through the step-by-step process that we followed
to build, train and evaluate our model. By the end we share the obtained
results and we compare it to other works that used the same dataset.

e Finally, we are end our paper with a conclusion, in which we summarize
the key points of this research and future perspectives for our proposed
model and how can it be improved and extended.

2 Related Work

Several researchers focus on detecting mental illness and depression on Twit-
ter. But almost all of them used traditional statistical models as classifiers.
Choudhury and all in [13] propose a crowdsourcing method to build a data
on depression from Twitter. They develop a Support Vector Machine classifier
(SVM) trained on these data to verify if posts could indicate depression. The
classifier is based on language, emotion, style and user engagement. Their
method can predict if a tweet is depression-indicative, with a high value of
accuracy. They propose a new metric called SMDI (Social Media Depression
Index) that help to characterize the levels of depression in populations. Their
results correlate highly with depression statistics defined by the Centers for
Disease Control and Prevention (CDC).

In [23], a dataset created by [10] for the Computational Linguistics
and Clinical Psychology for CLPsych 2015 Shared Task [12] was used to
study the potential of using Twitter as a tool for measuring and predicting
Major Depressive Disorder. They used a Bag of Words approach to quantify
each tweet. Several statistical classifiers were used: Decision Trees, Linear
Support Vector Classifier, Naive Bayes 1-gram, Naive Bayes 2-gram, Logistic
Regression, and Ridge Classifier. The study shows that if prioritization has to
be made, recall is more important than precision, because identifying a few
false positives is better than strictly identifying the most depressed individuals
and missing potentially affected ones. Accuracy was prioritized as well over
F1-score because a model which identifies depression well is more important
than one which becomes unreliable through a myriad of false positives.
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The method of Shen and all [29] aims to make timely depression detec-
tion via harvesting social media data. Benchmark datasets were constructed
specifically for online depression detection that are: a well-labeled depression
dataset, a non-depression one and a large-scale depression-candidate one.
After that, six depression-related feature groups were extracted, covering
not only the clinical depression criteria, but online behaviors as well. A
multimodal depressive dictionary learning model was proposed and validated
through a series of experiments, which showed an outstanding performance
comparing to other related works.

In depression detection from Twitter, studies are focused on the analysis
of textual contents of posts. However, emotions from posts over time are not
very investigated. Chen and all [6] propose to identify users with or at risk
of depression using eight emotions as features from posts over time (Anger,
Disgust, Fear, Happiness, Sadness, Surprise, shame and Confusion). They
apply a temporal analysis on these emotions to produce a set of temporal
features using machine learning classifiers: LR, SVM, NB, DT and RF. Using
emotional expressions, their results outperform other models [11, 12] and [7].

Many works addressed the deep learning usage in sentiment analysis such
as [2, 17,28, 33, 35, 38,42] and [31]. Our focus is only on mental health using
deep learning. In this area, few works exist. Thus, deep learning techniques
were not taken advantage of to solve mental health purposes.

[32, 36] and [5] are different approaches that propose interesting models
and evaluate them using CLEF/eRisk dataset which is a collection of textual
contents posted by users in Reddit [19, 20, 21].

Maxim and all [32] propose to examine three different models using
CLEF/eRisk 2017 dataset. Bag-of-words, embedding and bigram models are
used to consider the classification task of Reddit users by processing their
text messages in order to detect depression. They also investigate stylometric
(Iexicon volume, users averaged numbers of words per message, sentences
per message and words per sentence) and morphological features (parts of
speech usage proportions as additional feature sets).

The paper of Trotzek and all [36] is focused on ways to classify indica-
tions of depression using eRisk 2017 dataset as early as possible based on a
convolutional neural network. Their model is based on a document vector-
ization using neural word embeddings. For classification, authors propose to
use the userbased metadata features. They also examine the popular Early
Risk Detection Error (ERDE) measure for early detection systems [19] and
propose a modified score and compare it to the original one.
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Figure 1 Our depression detection model architecture.

Fidel and all [5] propose an approach based on three types of features: tex-
tual similarity, semantic similarity and writing features and evaluate it using
eRisk 2018 dataset. Based on bag-of-words and using Cosine similarity [30]
and Okapi BM25 [27], Textual similarity is used to estimate the likeliness
between a given subject versus positive and negative subjects. In order to find
semantic similarity among documents, they apply Latent Semantic Analysis
(LSA). They also exploit writing features used to report the characteristics of
the subjects writings such as textual spreading, time gap and time span.

For the problem of depression, Wenwen and all [18] propose a new
design based on deep learning model called DK-LSTM (Domain Knowledge-
Long short-term memory). They propose to incorporate semantic and domain
knowledge into LSTM. The authors did not implement their proposed model
and then no experiments were presented in the paper.

3 Depression Detection Model Architecture

After going through the literature review and seeing some of the works that
have been done in this field for similar purposes, we introduce in this section
the architecture of our proposed model.

The architecture of our deep learning model consists of four layers (1):
Preprocessing layer, Word Embeddings layer, Learning layer and finally a
Softmax layer.

Now, we dive deeper into each one of our architecture components
by explaining its origins and how has it been adapted for our goal and
problematic.
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3.1 Preprocessing

As in any social media platform, users tend to express themselves in every-
day’s slang language, which makes it rare to find well-formed sentences that
respect grammatical and linguistic rules.

Furthermore, abbreviations and smileys are widely used, especially when
expressing feelings, opinions or any form of self-expression, in other words,
sentiment, which is the subject of our study. These factors have been known to
pose a major challenge in Natural Language Processing (NLP) and as much
as this field is reaching its most advanced levels. They still are considered
as the most important bottlenecks when dealing with raw text. In addition to
that, dealing with posts gives us other factors to take in consideration, such
as URLs and reserved words (RT, FAV).

Even though, some of this data can be useful to the sentiment expressed in
the post, keeping them requires a very complex model that is able to handle
every possibility, changing our focus from depression detection to solving
natural language processing issues. Thus, the use of a text preprocessor
becomes a necessity rather than an optional step.

Our preprocessing phase is divided in two major steps: cleaning and
tokenization.

3.1.1 Cleaning

We sanitized each post so that they did not contain irrelevant text, so they
would be suitable input for our various models. One category of irrele-
vant text, for both word-based and character-based models, are hyperlinks,
because they do not add much to the actual content of the post. We apply
Stopwords elimination by removing empty words that have little lexical
meaning such as propositions and pronouns using a stop-words list.

3.1.2 Tokenization
The process of breaking a string or text into a list of tokens is known as
tokenisation. It is the task of chopping it up into pieces, called tokens, perhaps
at the same time throwing away certain characters, such as punctuation. A
token is an instance of a sequence of characters, in some particular document
that are grouped together as a useful semantic unit for processing. A type is
the class of all tokens containing the same character sequence.

For example (Figure 2), a sentence is a token in a paragraph, while a word
is a token in a sentence.
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.é “I wish i had never been born.”

Tokenization

['1" "wish 'i 'had' 'never' 'been', 'born', '.']

Figure 2 Tokenization example.

3.2 Embedding Layer

The word representations computed using neural networks are very interest-
ing because the learned vectors explicitly encode many linguistic regular-
ities and patterns. Some what surprisingly, many of these patterns can be
represented as linear translations.

The Skip-gram model’s main objective lies in finding word represen-
tations that are useful for predicting the surrounding words in a sentence
or a document, or a post in our case, which is its main differentiator from
other word embedding architectures. For a given sequence of training words
wi, wy, ws, ..., wr, the model’s objective is to maximize the average log
probability.

T

1

n E E logp(wiyj | wy) (D
t=1 —c=j=c,j#0

Where c is the size of the training context, and the more we increase it
the more training examples we have and thus a possibility of having a higher
accuracy, at the expense of the training time.

3.3 Learning layer
In this layer, we have four models:

e Naive Bayes model,

o CNN model,

e LSTM model,

o CNN-BiLSTM with attention model.
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3.3.1 Naive Bayes

A Naive Bayes classifier can be referred to as a supervised classification
algorithm. The instance (post) that requires to be classified is denoted as
a vector of characteristics. The vectors with class labels are the training
instances, which in this case are negative and positive. A Naive Bayes
classifier constructs a probabilistic model through a training procedure, which
can be applied to categorise new input instances.

3.3.2 CNN model

In recent years, CNNs started being used even in NLP tasks and the results
were surprisingly impressive. By using word vectors to build the input matrix
of the model, text was treated in the same way as images, both for feature-
extraction and classification, and ever since it became one of the most used
neural networks in NLP.

Inspired from [9, 15] created the CNN model for sentence classification
purposes and it’s from this model that we are going to build the convolutional
part of our model.

Let 2; € R" be the k-dimensional word vector corresponding to the i-th
word in the sentence. A sentence of length n (padded where necessary) is
represented as:

Tim =1 Dx2Dx3...DITYH )

Where @ is the concatenation operator.

In general, let z;;.; refer to the concatenation of words w;, 11,
Li4-2y « ooy Lizitj-

A convolution operation involves a filter w € R", which is applied to
a window of words to produce a new feature. For example, a feature c; is
generated from a window of words ;.;4,_1 by:

ci = f(w X Tiiph—1 +b) 3)

Here b € R is a bias term and f is a non-linear function such as the
hyperbolic tangent. This filter is applied to each possible window of words in
the sentence x1.4, T2:.h+1, - - - , Tn—h+1:n to produce a feature map.

c=lci,¢9,.. . cn_py1] Withcee RrhHL,

We then apply a max-overtime pooling operation [15] over the feature
map and take the maximum value O = max{c} as the feature corresponding
to this particular filter. The idea is to capture the most important feature one
with the highest value for each feature map. This pooling scheme naturally
deals with variable sentence lengths.
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Here we went through the step-by-step process through which one feature
is extracted from one filter, but the CNN model uses multiple filters (with
varying window sizes) to obtain multiple features. The layer formed by these
features is called penultimate layer and is connected to a final softmax layer
that provides the probability distribution over labels [15].

Same as it was described in the previous section, in our model, we are
going to start with a tokenized post which we then convert to a post matrix,
the rows of which are word vector representations of each token. These are the
outputs of the embedding layer previously defined. According to [8], we can
then effectively treat the post matrix as an image, and perform convolution
on it using linear filters.

In text applications there is inherent sequential structure to the data.
Because rows represent discrete symbols (namely words), it is reasonable to
use filters with widths equal to the dimensionality of the word vectors (i.e., d).
Thus, we can simply vary the height of the filter, i.e., the number of adjacent
rows considered jointly. We refer to the height of the filter as the region size
of the filter.

3.3.3 LSTM model

LSTM is utilised for remembering just the vital segments of every input
sentence and is trained to overlook the rest. Hence, the output is a blend of the
present input sentence estimations and the memory of prior key segments of
sentences. LSTM makes use of 3 gates to capture Long Term Dependencies:

e Forget Gate: decides what component of previous cell state must be
forgotten.

e Input Gate: responsible for adding information to the cell state.

e Output Gate: responsible for ascertaining beneficial information to
output at current cell state.

In this step, the focus is on the application of LSTM, which is an artificial
RNN (Recurrent Neural Network) architecture. In the context of this research,
a LSTM constitutes of various attention processes. These processes assign
class labels for TASK1 and TASK2 of CLEF 2018, and execute efficient
binary classification (positive or negative) of input data.

3.3.4 CNN-BiLSTM with attention model

As shown in the Figure 3, we combine the CNN and BiLSTM models to
detect the depression. The proposed model takes the output vector of the CNN
as the input vector of the BiLSTM, then it builds a new BiLSTM model on
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Figure 3 CNN-BiLSTM with attention model architecture.

the CNN one to extract the features of the input comment and improve the
results of the classification.

The difference between the CNN model (presented in Section 3.3.2) and
our model is that we don’t have a softmax layer but we have instead a
BiLSTM with Attention layer through which the features inputted, and we
are going to cover the process of the latter in the next section.

As mentioned previously, our model uses the MSA (Message-level Sen-
timent Analysis) model [3, 41] and [40] as a part of it and its sequential layer
consists of 2-layer BILSTM with an attention mechanism, to improve the
feature extraction process and enhance the model’s performance.

LSTM networks are a special kind of RNN that is designed specifically
to solve RNNs’ long-term dependency problem. LSTMs are being used in a
wide variety of problems due to their ability to remember information over
long periods of time [14, 16] and [34]. Similarly to standard RNNs, LSTMs



A Mixed Deep Learning Based Model to Early Detection of Depression 441

have the same structure, the difference is in the repeating modules, which
contain a four-layer neural network instead of a single one.

An LSTM takes the words of a post as an input and produces annotations
H = (hi,ha,...,hr), where h; is the hidden state of the LSTM at time-step
1, summarizing all the information of the sentence up to x;. For this case, the
use of bidirectional LSTM (BiLSTM) brings the advantage of getting word
annotations that summarize the information from both directions, first, going
forward from x1 to x7, then backward from z7 to x1. The final annotation
of a given word is the concatenation of the annotations from both directions.
Finally, the reason why two layers of BILSTMs are used is to make the model
learn more abstract features.

The uniqueness of this BILSTM model lies in the attention layer. Know-
ing that not all words contribute equally to the expressions of a sentiment
in a message, the attention mechanism allows the model to find the relative
importance of each word to the expression by assigning a weight a; to each
word annotation then computing the fixed representation r of the whole
message as the weighted sum of all the word annotations.

3.4 Softmax Layer

In the final layer, the representation r is fed to the final fully-connected
softmax layer as a feature vector used for classification. The result is a
probability distribution over all classes.

We have gone through the different phases and layers of our pro-
posed model. Most importantly, we dug deep in each part to give a better
understanding of the basics of all the models used, this way everything is
justified.

In the next section, we’re going to describe the process we went through
in order to implement this model and we discuss the results at the end.

4 Experiments and Results

We share more details about the data used in our experiments and the process
followed, and by the end, we present the results of the models and we
compare them with others of similar study.

4.1 Data

This section presents a synopsis of the dataset utilised for the experiments
outlined in this paper and its key attributes. Furthermore, it specifies the
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Table 1 Datasets used

Statistics of the training sets. Statistics of the test sets.
Depression Depression

Risk Non-Risk Risk Non-Risk
Number of

135 741
subjects 752 79
Numlfer.of 49,557 481,837 40,665 504,523
submissions
Sub.mlssmns per 367.1 640.7 514.7 680.9
subject
Words per 27.4 21.8 23.7

. 27.6

submission

conforming task and the assessment norms. Our input encompassed a col-
lection of comments and posts from a social platform, explicitly collected for
eRisk 2018. Data were mined from Reddit.

As shown in Table 1, the dataset involves a total of 887 subjects. Of
these, 135 are facing depression. The dataset comprises over 500,000 dif-
ferent comments and posts, with an average of around 600 posts for every
subject. Furthermore, other descriptive statistics are indicated to exhibit the
dissimilarities between control and depressed users.

4.2 Performance Measures

For the users categorisation task, we select accuracy, recall, precision, and
F-measure as performance indicators. From the perspective of detecting
depression:

o A false positive (FP) is user the model incorrectly labels as depressed
but does not suffer from depression actually.

e A True positive (TP) is correctly identified by the model as depressed
and indeed suffers from it.

e A True negative (TN) is a user labeled as not depressed and at present
he has no depression.

o A false negative (FN) is labeled by the model as not depressed but he is
actually depressed.

We need to define the metrics through which we measure the results of
our work and compare it to other works.
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Precision: percentage of posts appropriately categorised taking into account

the false negatives.
TP
Precision = ————— 4
recision TP+ FP @
Recall: percentage of posts appropriately categorised taking into account the
false positives. The question that recall answers is: of all of the depressed

users, how many did we appropriately identify?
TP

R@CCL” = m (5)

F1 Score is the weighted average of Precision and Recall.

Recall x Precision
F1-5 =2 6
core . Recall + Precision ©

For substantiating the exactitude of a classifier and ascertain its suitability,
it is necessary to gauge its performance. Conventionally, the most frequently
deployed metric is accuracy.

Accuracy is the percentage of properly categorised instances.

TP+ TN
TP+ FP+TN+ FN

Accuracy =

)

4.3 Training
The training data contain the following components:

o risk_golden_truth.txt: this file holds the ground truth. Code 0 means that
the subject is a non-risk case, while Code 1 indicates that the subject is
a risk case of depression.

o positive_examples_anonymous_chunks: this folder stores all the posts of
the risk cases.

o negative_examples_anonymous_chunks: this folder contains all the posts
of the non-risk cases.

We experimented with different approaches so that we get rich insights
by the end of the study. Since we have distinct datasets that are depression
oriented, using a supervised learning approach was the best option we could
take. Therefore, instead of using a pre-trained word embedding, we trained
our own word embeddings. We also trained a naive bayes, CNN, LSTM
and the CNN-BiLSTM model separately using our depression-trained word
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Table 2 Confusion matrix for the users

CNN-BiLSTM with Attention CNN
Actual true Actual false Actual true Actual false
Predicted true TP =49.4 FP =9.5 TP=41 FP=45.2
Predicted false FN =2.6 TN=339.5 FN=11 TN=303.8
LSTM Naive Bayes
Predicted true TP=46.3 FP=34.4 TP=40 FP=60.2
Predicted false FN=5.7 TN=314.6 FN-12 TN=288.8

embeddings to see how efficient they are and what improvements does our
model bring.

Our next experiment was to train the CNN-BIiLSTM with Attention
model that we mentioned in the previous section, individually as well, using
our depression-trained word embeddings to see if the BiLSTM deep neural
network is able to detect depression with high efficiency.

4.4 Error Analysis

To present the misclassifications, we use the confusion matrix (error matrix
or a table of confusion), it is used in predictive analytics to understand what
type of data is being designated as frue and what kind of data is designated as
false by the classifier (Naive Bayes) or the classification model chosen (CNN,
LSTM and CNN-BiLSTM with Attention).

As we show in the Figure 2, the confusion matrix illustrates us how the
classification algorithm is performing with respect to the real. This matrix
reports the number of true positives, false positives, false negatives, and true
negatives from the classifier.

4.5 Results

The detection performances of our model and baselines were compared based
on four identified measures.

As it is shown the Figure 4, we notice that deep learning methods are
more effective than any traditional methods (Naive Bayes), no matter how
advanced and tailored it is.

From Figure 4, it is clear that CNN-BILSTM with Attention model
outclassed other classifiers with a precision of 97% which is better compared
to Naive Bayes by 15% and CNN by 11%.
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1,2
M Accuracy M Recall ™ Precision Fl-score

0,97
0,92 0,95 o0 1
0,89 0, 0.86
0,84 4 0,82
0,8 0,78 0,79 0,77 0,77 g
g g 0,8
0,6
0,47
0,4
0,4
. I ;
CNN-BILSTM with 0
STV WIT LST™ CNN Naive Bayes
Attention
M Accuracy 0,97 0,9 0,86 0,82
® Recall 0,95 0,89 0,79 0,77
M Precision 0,84 0,8 0,47 0,4
Fl-score 0,92 0,84 0,78 0,77

Figure 4 The results of the different experiments conducted on the dataset used.

Moreover, CNN-BIiLSTM with Attention model performed superior to
LSTM and CNN with regards to recall, outclassing Naive Bayes by 18%.

This was because the count of False Positives for Naive Bayes was greater
compared to False Negatives; in case of CNN-BiLSTM with Attention, False
Positives are more compared to False Negatives. We consider False Positives
(or False Alarm) are higher to False Negatives.

Thus, we chose the outcomes of the CNN-BiLSTM with Attention
classifier in the stage categorisation process.

Most importantly, we see that the deeper the neural network is the better
the learning is, the better results we get.

4.6 Discussion

The key observations of this research work are as follows: In the early
detection of depression, the significance of using a deep learning model
enables the comparison of the deep lerning and classic approaches that predict
the depression condition. Following a performance Measures analysis, an
enhancement of the state-of-the-art models is achieved.

In this work, we put forth three approaches on the basis of deep learning
which exclusively utilised data from social media platforms for offering an
early discovery of depression cases. The issue was addressed through deep
learning and was formalised as a classification problem.

In the beginning, a Naive-Bayes model is presented that is based on
two functions (positive and negative) and a binary classifier. However, the
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outcomes attained were unexceptional as, for making a final decision, the
classifier needs adequate evidence to abandon one option as against the other,
hence triggering a delay.

Conversely, the CNN model sensing more false negatives (11) might
trigger lower Precision, and as a result users suffering from depression may
not get timely help, which could result in grave outcomes such as suicide.
Thus, low recall might cause a loss of human life.

A classifier identifying more false positives might drive lower precision,
and as a result the state is required to invest more funds to aid users who are
not essentially depressed.

In order to detect depression, we propose a new MSA model consists of a
2-layer bidirectional LSTM with an attention mechanism associated at CNN
model. As show Figure 4, with regards to the deep learning model, the best
results were derived through the CNN-BiLSTM with Attention model.

The methodology that exhibited the best performance was based on the
CNN-BiLSTM with Attention model that identified the non-depressed and
the depressed subjects.

Comparing with others models, our observations indicated how the CNN-
BiLSTM with Attention model is capable of enhancing performance up to
over 10%. We believe these outcomes could aid in the formulation of new
tools for identifying persons at risk, allowing those people suffering from
depression to be identified and treated as early as possible.

4.7 Comparison with Existing Models

Comparing our solution with existing models using the same dataset eRisk
2018, we achieved state of the art tagging accuracy, as we presented in
Table 3.

As part of the eRisk2018, [22] implement a system based on the topic
extraction algorithm, Latent Dirichlet Allocation and simple neural networks,
they uses uni-gram, bi-gram and tri-gram frequency, then the users are given
a diagnostic probability by a Multilayer Perceptron. [22] achieved moderate
results as show in Table 3.

Several machine learning models have been developed by [24], they
have using different types of features, such as both Bag Of Words (BOW)
features and Unified Medical Language System (UMLS ) features to identify
depression in eRisk 2018. [24] have studding Ada Boost, Logistic Regression,
Support Vector Machine and Random Forest classifiers, However, [24] are
concluded that the results of Ada Boost using BOW features are the best.
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Table 3 Comparison with published results on eRisk 2018

Research Model F1 Precision  Recall
[26] LIRMMA 0.49 0.38 0.68
LIRMMB 0.36 0.24 0.73
[24] Ada Boost with BOW Features  0.75 0.75 0.76
[22] FHDO-BCSGB 0.64 0.64 0.65
RKMVERIC 0.48 0.67 0.38
UDCB 0.18 0.10 0.95
[39] TF-IDF and CNN 0.37 0.29 0.52
[37] BCSGA 0.64 — —
Our model CNN-BiLSTM with Attention 0.92 0,84 0.95

LIRMM present the results of eRisk-2018 dataset in [26], It performs
the classification through two phases of supervised learning using text vec-
torization methods. The first learning phase builds the bayesian inversion
technique, while the second learning phase is a classification model.

[39] presented a combined approach to early risk detection of depression
in eRisk 2018, [39] combined TF-IDF (Term Frequency-Inverse Document
Frequency) information and CNN to identify the depressed users. Therefore,
the evaluation shows that the model proposed achieves Precision of 0.29,
Recall of 0.52, and F-score of 0.37 in depression detection.

The results of FHDO Biomedical Computer Science Group (BCSG) in
eRisk dataset has presented in [37], they used four machine learning models,
those based on user-level linguistic metadata, Bags of Words, neural word
embeddings, and CNN. BCSG has achieved F1 score of 0.64, but Precision
and Recall performance measures are not presented.

The result of this paper has been compared to related works [22, 24, 39]
and [37], they predict depression based on eRisk 2018 dataset. Therefore, our
test Precision is 0,84 which is significantly better than others. In addition, our
proposed model already reaches a good Recall of 0.95, and can achieve the
best F1 score of 0.92.

The advantage of CNN-BiLSTM with Attention model is to enhance the
classification performance.

5 Conclusion

The objective of our study was to solve one of mental health’s biggest
issues, which is the inefficiency of the traditional identification methods of
mental illnesses. More specifically, we chose to focus on major depressive
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disorder, also known as clinical depression, because of its major popularity
and likelihood of spreading, and most importantly, to prevent the tragedies
that might occur from such disorder. For that, we wanted to design and
propose a new way of identifying depression using an advanced artificial
intelligence technology known as deep learning.

In this study, the results are presented using eRisk 2018 dataset that indi-
cates early identification of signs of depression. The development in the field
of mental health and safety makes it essential to have early risk prediction on
the internet. This has been considered as a classification problem and three
variations of Deep learning approaches have been presented, along with a
traditional naive bayes classifier model.

To attain the best outcome from this project, we did not restrict ourselves
to training only the applied model. We also experimented with various
approaches to ensure that rich insights were obtained by the end of this study.
The naive bayes, CNN, LSTM and the MSA model were also trained sepa-
rately with the help of our depression-trained word embeddings to ascertain
their efficiency and assess the improvements that the model brings in.

To identify clinical depression symptoms in individuals, the potential and
influence of social media data was demonstrated. The data was leveraged
to upgrade the current questionnaire driven diagnostic tools in order to
improve their potential for identifying clinical depression symptoms in an
uninterrupted and unobtrusive manner in a natural setting.

This analysis structure can supplement future research on constructing a
warning mechanism that can project the arrival of large-scale depression.

Existing clinical approaches are primarily concentrated on individuals.
The findings of the study can be applied to automatically evaluate public
health at community level in order to ascertain suicidal tendencies, health
risks behaviour, and help-seeking behaviour.

The future possibility for our model involves complete automation, which
is free of any sort of online research or processing, and provides scope for
implementing other algorithms that could improve the model accuracy.
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