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Social media consumes a greate time of our dialy times that generate a
significant amount of information through expressing feeling and activities,
sharing admiral contents, viewing, and more. This information mostly contains
valuable discoveries. Despite many attempts to mining such produced data, it
is still unexploited in certain issues and attracts many research areas. In this
paper, we use the data extracted from social media from female’s pages to
detect possibility of depression. A new deep learning model based on the
psycholinguistic vocabulary to create the embedding words is developed. First,
we extract the features from the data before and after the preprocessing phase.
Second, the Convolutional Neural Network (CNN) is used to label the data for
extracting the remaining features. Based on the previouse two phases; the
developed model succeeded to predict the depression possibilty. For
evaluation and comparative analysis purpose, three datasets extracted from
twitter are used: these are (DB1: contains 700 samples from different

countries; DB2: includes 80 samples from KSA and DB3: it is a benchmark
CLPsych shared task 2015). The proposed indicator model proved promising
results in predicting depression
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1. INTRODUCTION

The knowledge discovery and big data analytics based on social contents is a tending issue that attracts
business stakeholders as well as researchers. For business, some researchers motivated to understand the happy
or sad situations like detecting user satisfaction of products, happiness with of environment or even disasters
in the real world based on the sentiment analysis of Twitter data base [1]. These understanding enrich the
economic benfites of busnness. On the other hand, in the healthcare domain; or individual based analysis; the
social activities gobble the time because it becomes the main for sharing information and multimedia; text,
audio, image, and video; and communicating family and friends.

Therefore, social media represent an encouraging window for expressing feeling that we can’t tell or
explain events that we can’t mention or complaining some annoying issues or even opinion general and special
situations simply. Accordingly; in the public health; the attention of a great number of researchers has been
dragged to the discovery of some psychological diseases based on this social valuable data. Depression as an
example of public health; received a health care discovery and treatment in its early stages [2, 3, 4]. Based on
the fact that, women are emotional and complains more from stress than men, the authors of this paper were
motivated toward the discovery of signs of depression in early stages from social media contents.
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Some reason for choosing Twitter as the source of media content of this work includes: the simple
citation of the huge volume of tweets that [1, 4]; the raped generated rates of tweets every minute (roughly
round 350,000 tweets); the constrains on text length of the tweets (which limit to approximately 140 characters
per one tweet); the variant expression of tweets as using text enrich the capabilities to use different description
according to the educational and culture background of the users.

The literature on text sentiments and classification showed the importance of feature extraction and
concluded the fact that it is the actual reason towards enhancing the accuracy with different techniques-based
sentiment analysis on Twitter [3, 5, 6]. One direction is using machine learning (SVM, Naive Bayes, decision
tree, etc.)[7, 8], some other used depeep learning model [9]. Each approach has positive points and some
negative points as well. Some give just acceptable accuracy such traditional technques while other gave
impressive results and save effort of extractiong features manully like CNN, however require huge data which
is avalible in our case. The authors of this paper were motivated toward the discovery of signs of depression in
early stages from social media contents based on reported benefits of CNN in sentment analysis. The proposed
framework is a new structurein the following phases: phase 1: the Convolutional Neural Network (CNN)
employed to create annotate automatically the tweets. Phase 2: the Deep Neural Network (DNN) identify
depression and goes beyond the content of the tweet to take into consideration the features. The principle idea
behind the proposed model is the matching between the tweets and the behavior of the user who posted the
tweet to create a consistent model that can provide helpful indicators to enhance its performance. In fact, some
recent works that are related to sentiment analysis, tried to use a similar approach concept of feature extraction
but certainly, with different details and structure as well [10, 11]. They target understanding the relationship
between users and proved that the emotion and their relations with other users can affect the model
performance. In the present work, we assume that the user express his/her emotions through posting on twitter
and with his/her friends and followers.

The rest of paper is organized as follow: section 2 presents a survey of some techniques on the social
media content based knowledge discoveries (depression as a case study of this paper). Section 3 details the
proposed method. Section 4 analyise and present results. Finally, section 5 concludes the paper.

2. RELATED WORK

Mental illness is a serious issue that affect individuals, families and hence socities. Recently,

individuals and health organizations have shifted their traditional interactions, towards information generated
and extracted from sovial media. Many researcher attempts estimating how individuals’ seek health advices
and support based on their rapid responses of a huge number of participants or even indirect express of sad
feeling. In the following, we summaries some of the realted work on public health diseases in different domains,
with a focuse of depression [8, 10]. Some papers perfeared traditional machine learning technques while others
used the deep learning different models on data extracted from social content especially tweeter.
Some proposed models nominated using the statistical techniques for predicting depression. Sarah Ali et al. [9]
analyized the depression disease in Saudi Arabia (Buraydah city) based on a sample of 80 females belonging
to teenager with age of (15 to 19) from their twitter contents. Their users sample used to post on Twitter every
day and perform dialy social activities like sharing, commenting. The authors used a statistical model that
measured depression according to depression scale. Their result reported 35 % of their sample individuals were
depressed. De Choudhury et al. [12] preferred the SVM algorithm to study the new mothers’ risk to postpartum
depression identification based on Facebook contents. Islam MR et al. [8] used the data from Facebook and
proposed a model for depression analysis and bulit three classifiers using [SVM, Decision Tree, and k-Nearest
Neighbor (KNN)]. To extract the comments from the data, they used anxiety, bipolar and NCapture tools and
cleaned the data using the LIWC tool. They reached 54.77% rate of depressive indicative when users
communicate with their friends from midnight to mid-day and 45.22% when they communicate from midday
to midnight. Maryam Aldarwish [13] et al. built a model for mental health and depression identification based
on social media contents from different sites. The authors collected their posts from multisite sources which
are LiveJournal, Twitter and Facebook. They used two machine learning technques (SVM and Naive Bayes
classifiers). They showed intensive analysis to evaluate their model. The SVM based classifier reported a lower
accuracy rather than naive Bayes; 57% and 63%, respectively. Ahmed Husseini et al. [14] developed a a binary
classifier that gather the (SVM) with TF-IDF. They collected data from user tweetes and added some textutual
data to inrich the samples of training. Skip-gram, CBOW, random trainable were used in their study for
evaluation of their model.

The deep learning different frameworks recently reported great success in text classification, and the
sentiment analysis. Convolutional Neural Network (CNN) became the most nominated technique over
traditional Natural Language processing (NLP) because it superior performance on text classification [15, 16,
17]. Ahmed Husseini et al. [14], improved the performance of their proposed models by using the CNN and
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RNN. The improvement raised the accuracy from 80.5% to 87.957% on the Psych 2015 dataset using 5-fold
cross-validation. Haque et al. [18] analyized the facial features with the language spoken to detect depression.
Then they performed a comparision of the embedded convolutional neural network (CNN) model [19] with
related work. Tsugawa et al. [20] built a multimodel for classification and regression to investegate the
behavioral features based on social media data ad scucessed to identify signs of depression. They enhanced
their results of analysis by considering more varient participants besides expanding the observation period.
Akkapon Wongkoblap et al. [21] proposed a deep learning model to sentiment analysis of the posts of social
media. The authors applied the (5-fold cross validation) for evaluation of their model and reached accuracy of
72% with optimistic expectation of more increase in the accuracy of more features is added (ex: interactions
with friends, comments/replies). Additionally, most of the deep learning techniques in text classification [14]-
[22] referenced in this article has been oriented towards a word-embedding representation for sentiment
analysis. Also, the two Word2Vec and GloVe algorithms are also especially nominated [23]. The authors
toward this contributed by addition a set of important features with those by the word embbiding and proposed
an efficient new framework solution to predict depression from tweeter.

User extraction Non-Preprocessed tweets + user information

- .

Ewikter

|
BaAPI

Automatic annotation
Embedding Words

Manual Label selection Automatic Label selection

1 v_’ Feature Fusionl
P Tweet — N
v Preprocessing
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Figure 1. The proposed approach architecture

Dataset construction

3. METHODOLOGY

Figure 1, presents the new proposed framework for tweeter user identification of depression risk based
on their recent posts. The proposed model goes through a number of steps from data gathering to model
evaluation. The model start by data gathering; where the tweeter users and their posts for certain time period
were extracted by its APIs. The sample is constained to the set that contains (follower No, user ID and friend
number) to limit the scope of the data set. This is followed by Pre-Processing: two main necessary steps are
usually needed for pre-processing: normalization and tokenization (employed to clean the tweets), and the
extraction of the primary set of features (ex: number of words). Then the Data annotation, where here the
labels are added to the processed tweets, 50% of this data annotated manually and the remaining part was
labeled using the CNN model. The manual annotation completed using a psycholinguistic vocabulary.
Afterward, the final set of features was concluded. Then Feature extraction: this step combines all the features
mentioned above in same list of features. Now the Model Creation (DNN): in this step, the proposed model
was created. Here, the extracted features and the word embedding were combined in the first layer of DNN as
shown in figure.1. Model evaluation is very important to juduge the performance where precision, accuracy,
recall and F1 score were used as performance result. Finally, we compare the proposed model with other related
models from literature.

Id Date Usemame Description Status
22 SatApril 10 16:28:22 UTC 2019  micheal05 I'm verv happv today #FUNNY  negative
51 MonMay122:11:11 UTC 2019  Sonda86  I'm very angry, it’s not my day ®  positive
444 Sat April 10 16:28:22 UTC 2019  Jackppik  ® mvheartis broken, 'm very sad  positive
31  ThuApril 2023:10:18UTC 2019  micheal05 Iwantto fly with my love @ (@kity negative

Figure 2. A sample of the collected data
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3.1. Dataset Construction

Actually, variant symptoms indicate the possibility of depression. These symptoms may be detected
from the facial expression or emotion expression. In this study, we focused on the second sysmptoms from
tweeter posts. Therefore, we narrowed the gatered data to women only. Some notes or constrain is considerd
like selecting user’s tweets and ignoring the Retweets. The attributes include identification of users, date of
tweet, user name, content of the tweet and status. The obtained data contains 14500 tweets posted by more than
700 users extracted automatically with the Twitter API (10876 used for training, 3624 for testing). The
frequency of positive and negative tweets is used. The positive tweets indicate depression and negative referare
to absence of depression. Table 1 gives the data set details.

3.2. Preprocessing

Preprocessing of data enrich the accuracy and avoid wested effort for unvaluable results for any
model. In text classification, for example; it eliminates redundancy and specifies the relevant embedding words.
Three main steps of preprocessing that we applied are: Words elimination, Tokenization and data
Lemmatization. In fact, some un-necessary contents were elminated during the preprocessing like the HTML
addresses, non-alphanumeric characters, hashtags #, usernames (@mentions), icons and the GIF images. Then
we employed the Tokenization step to exclude the stop words like the, that, we, are, etc. and obtained the
proper tokens. Continued after, we used the lemmatization step to reduce the length of the tokens. We followed
by using morphological analyzer of tokens, as well as to remove the termination of words and to return just its
base form (eg., organize, organizes, and organizing). Table 1 displays some statistics of the obtained
information after the preprocessing on the initially collected dataset. The preprocessing leads to a reduction of
the vocabulary up to 34% in size.

Table 1. Some statistics of the collected tweets

Method Number
Initials list of words 47986
Icons 98
Hashtags 438
Links 87

Gif images 26
@mentions 1298
Spatial characters 76
Final number of words 32038

3.3. Feature extraction

This section displays the details of all the 17 features used to train the proposed DNN model. The
features were extracted on three times. The first set of features is extracted after data construction {F7,
F8,F9,F10, F11, F12, F13,F16,F17}. The second set is selected after preprocessing {F14,F15} and the third set
is after annotation (manual or automatique using CNN) {F2,F3,F4,F5, F6}. Table 2 lists the important features
used to create the proposed model. The (F1) is recent tweets posted by users. It may be very large, so our model
assumes considerning nly the 50 most recent. F2 and F3 features represent positive and negative tweets where
both are determined as follows: If the tweet is annotated manualy, its state is determinated based on its label
(depressed or no depressed). But if it is labelled using the CNN model, its state is determinated based on its
probability. So, a tweet is considered positive if its probability is more than ¢ ( where c is a value in range of
0.55 to 0.6 ) otherwise it is considered negative. Let Ti is a tweet extracted from an user Uj, So:

F2 = ¥ ( P(T;|positive) = ¢ = positive) 1)
F3 = YF (P(T;|positive)<c negative) )
F4== ®)
F5 =2 )
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Table 2. important Features meaning

Feature Meaning

F1 Number of user recent tweets

F2, F3 Number of depressed, non-depressed tweets. This number is obtained after classification of
the F1 tweets using the CNN model

F4, F5 Average of F2 and F3

F6 Boolean value to indicate the state of a User to be depressed or non-depressed

F7,F8 Number of followers, friends

F9,F10 number of Hashtags and their average

F11,F12  Number of mentions and their average

F13 Number of retweets

F14,F15  Number of Words per Tweet, and Their Average

F16, F17  Number of links (URL) and their average

Let USERS the set of users and k the number of users. So, or each user U; in [Uy, U, ... U], the status
of Uj is calculated as equation 5.

trueif F2 > F3
false otherwise

F6 = Status(Uj) = { (5)

Some works from literature like [14] assumed that the number of followers and friends of the user
were considered important determines the degree of sociality of that user. In addition, from a psychiatry studies
[3, 4], the user can be depressed if the degree of its sociality is very low. That the features F7 and F8 were
considered in this study as a worthy to added as important features. F9, F11 and F13 represent the number of
Hashtag, mentions and retweets in user’s tweet, respectively. They show the importance of user’s activities.
Lima and de Castro [19] showed that hashtags could be used to detect spam tweets; indeed an experiment exists
in [25] proved that a hashtag is considered spam if its tweet frequency is high. Mentions, used in twitter to
draw explicitly the users’ attention, where they can be an indicator that the profile of the tweet wants to have a
conversation with the mentioned users to display. Retweets tweets from other users tent chance to increase the
number of followers and friends in twitters [26]. Number of Words per Tweet (F14) is important to know if
there is an opinion explained in this tweet or no. F16 represents the number of links, this counts the total URLs
in tweets of each user. This feature focuses the idea in the tweet. F10, F12, F15 and F17 are the average number
of Hashtags, mentions, words and URLS per user, respectively.

3.4. Word embedding

The Bag of Words (BOW) is an algorithm for natural language processing and sentiment anlysis. It
generates a vector of the vocabulary exist in each text or in our case the twet. If the vocabulary size is huge, it
may contain not important words as well as time consuming and wastfull effort with difficuilties. One solution
is to select some features to narrow the domain and save effort for the classification task. Here is the Word2Vec
technique that trains two layers to reconstruct a word (or set of words) having the same context. In our
experiments, we pre-train and evaluated two models of Word2Vec: CBOW (Continuous Bag-Of-Words) and
Skip-gram. CBOW considered one word per context; it predicts one target word from context. However, Skip-
gram is the opposite; it predicts the context from a given word. Anyway, the advantages of both methods are
the reduction of the size of each tweet that seams a reduction in vocabulary.

3.5. Automatic Annotation using the CNN model

Annotating all the tweets manually is a hard task to do by user, to make the task easier we proposed a
CNN maodel to predict the tweets. In this phase, we use 50% (7250 tweets) of the dataset. Instead of pixels of
an image, we use a matrix representing the words. Each colon of the matrix corresponds to an embedding of
words and each line corresponds to the set of tokens. Figure 3 shows the proposed CNN applied to a text
classification task that is formed by several layers, which are convolution, pooling, activation, and softmax
layers. The input layer consists of words embedding that are randomly initialized. The utilization of the
proposed CNN is in the following characteristics:
- word embedding size =200,
- document length (d) =300,
- hidden units =512,
- pooling units =128,
- ConvlD filters=32,
- filter sizes=[2,4,8],
- Classes or labels (L) = 2 (positive or negative)
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For the number of parameters, we used:

- embedding layer dimension = 5440*200,
- ConvlD layer size = 300*32*(2+4+8),

- Hidden layer size = (128*32*3)*512,

- Output layer dimension = 512*2

- Epoch number = 50.

For each fixed word vector (d) we treated each set of tokens as an image and we applied filters as
defined above. After the convolution stage, we used the max-pooling method with a softmax (see equation 6)
activation function to generate the final classification.

___exp(x;)
Softmax(x); = TL, oxp () (6)

Where L is the number of classes, x; is the element i in the input vector x and Z]-I;l exp (x;) is
the predicted probability of the mental class I. The reason for adding the dropout layer before the softmax layer
is to avoid overfitting. Finally, for each class, a rate that means the probability (P) of depression is calculated
and saved in the features F1 and F2. Actually, there are a number of common choices of activation functions
used with CNN likes sigmoid (or logistic), hyperbolic tangent (tanh), and rectified linear (ReLU). In our model,
we used ReL.U functions because it is pointed out by several studies, such as in Severyn et al. [27] and Nair et
al. [28], that ReL.U speeds up the training and produces more accurate results than other activation functions.

Input Convolution Pooling Softmax Classes

.

Word Embeddings

W1 oWz ows ws wn

===

FTTT

Preprocessed Tweets

TLLLITTH ELITR

Figure 3. The proposed CNN architectafe

3.6. Deep Neural model construction
DNN is the proposed model to classify the users that are based on the features extracted above and
the embedding words which are the same used for CNN construction.

Input Hidden layers Classes

Word Embeddings

w1 w3 wa L.

__Em
|
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m
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|
F4  F3 F2 F1

Features List

F17 F16 F15 Fl14 F13 .. F6 5

Figure 4. Architecture of the proposed approach

Figure 4 displays the proposed model. In the DNN architecture, each layer work individually with the
input received from the previous layer to produce outputs that will be send to the next layer. The layers are
fully connected. The input layer composed of a set of tweets and a set of features. Each tweet was presented
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by a set of tokens and mapped to a set of word embedding that are connected to the CNN model to complete
the set of features. Moreover, the features that describe the writer of the tweet in addition to the features
nominated from the CNN model were appended to the next layer of the DNN model (first hidden layer).

The output layer has a node for each classification label and represents a binary classification. The
main goal is to construct a pattern to predict the user depression. This implementation is a discriminative trained
model that uses a standard back-propagation method. The proposed DNN model is trained using Sigmoid
(Equation 7) as activation functions. The output layer uses Softmax function (equation6) for final classification.

1
1+e=*

fx) = € (0,1) (7)

4. RESULTS

In this section, we investigated our proposed approach performances and then we compared it to other
state-of-the-art methods. We evaluated the effectiveness of our proposed model using three datasets: the first
dataset (DB1) is described in section 3.1, the second dataset (DB1) is constructed by 2048 tweets extracted
from Saudi Arabia women having age between 17 and 40, and the third one (DB3) is CLPsych 2015 benchmark
obtained from CLPsych shared task 2015 [11]. Table 3 presents more details about these datasets. For all the
datasets, we split each one into nearly 70% training and 30% test set. Evaluation is measured used the following
measures: Precision (P), F1-score (F1), Accuracy (Acc) and Recall (R).

Table 3. Summary of users and tweets distribution on three datasets

DB1 DB2 DB3

Total Dep Cont Total Dep Cont Total Dep Cont
# of users 703 491 212 80 50 30 873 477 396
# of tweets 14500 5440 1810 2048 1569 479 45390 32188 13202
Avg of# of tweets peruser 21 26 52

4.1. Choice of Word2Vec method

Many techniques are proposed for the Word2Vec extraction. CBOW and Skip-gram achieved an
important success in the last five years. Therefore, in this section we compare the both techniques using the
three datasets mentioned in above (see table 4).

Table 4. Evaluation of CBOW and SKIP-gram

DB1 DB2 DB3
F1 P R Acc F1 P R Acc F1 P R Acc
Baseline 774 776 7748 7748 7841 7819 7809 7822 69.33 6897 6884 60.11
CNN CBOW 86.89 86.63 86.19 8691 877 87.44 8729 8776 8554 851 84.65 85.63
Skip Gram  88.14 87.77 87.61 8835 8933 89 88.78 89.41 8755 87.18 87.02 87.98
DNN CBOW 83.11 82.88 8217 8332 8471 8427 841 84.97 8334 8382 829 83.76

SkipGram 88.12 89.22 88.17 89.32 89.16 89.05 8954 894 89.19 89.16 88.33 89.14

Table 4 shows the results obtained after applying the proposed method to predict the depression. We
used the SVM linear classifier as a baseline. Indeed, our method starts with an automatic annotation using CNN
toward predicting depression. Then followed by the proposed DNN based architecture. Both CNN and DNN
employed the words embedding for training. Therefore, we compared the results after the use of CBOW and
the Skip Gram for each one and the impact of each method on the prediction of depression. For the three
predefined data sets, the CNN based Skip Gram reported higher accuracy, F1, precision, and recall, as
compared to CBOW. In a similar achievements the DNN based classifier also, reported a higher accuracy
remarked for the DNN, skip Gram achieved performed results than CBOW.

4.2. CNN evaluation

In this section, we evaluate the CNN method proposed for an automatic annotation. However, we
compare in Figure 5 three methods to measure the user state (depression or non-depression) that are the SVM
(baseline), manual annotation (without CNN) and automatic annotation (with CNN). The performance is
calculated based on F1-score and precision measures and using the proposed dataset DB1. Indeed, the obtained
values refer to the use of DNN after annotation with one of three methods.

Regarding F1-score, the higher results are showed for the CNN where its values increase according
to the number of epochs. After 50 epochs, the network is calibrated for both SVM and CNN and we obtained
for the depressed case a F1-score of 77.6% and 87.63%, respectively to predict the user depression and
respectively a precision of 77.4% and 89.83%. Regarding the non-depressed case, the higher results are
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observed for the use of CNN also, where for F1-score and precision, we obtained the value 88.61%. According
to these results, CNN can be regarded as an important classifier in text classification and its strong impact to
predict the depression from a big masse of tweets.

F1-SCORE

ESVM EWithout CNN mwihCNN

70
60
50
40
30
20
10

0

depresed -Fl-score  Non-depresed -Fl1- depresed-Precsion Non-depresed-
score Precision

Figure 5. Measure of depressed and non depressed users using SVMCNNfor DB1

4.3. Comparison with the state-of-the-art

In this section, we compare the performance of our approach with four traditional techniques of
machine learning (Decision tree [29], SVM [12], Logistic Regression [30] and Naive Bayes [31]) and the two
proposed deep learning model: a basic CNN having the same configuration presented in section 3.5 and our
proposed DNN.

Table 5. Comparison with the state-of-the-art

DB1 DB2 DB3

F1 Acc R P F1 Acc R P F1 Acc R P
Decision Tree 67.33 67.42 66,51 67.89 67.11 69.6 69.21 69.46 65.11 67.71 67.09 674
SVM 80.21 80.59 80.66 80.87 8132 8145 8125 8135 83.09 8345 8313 8341
Logistic Regression  85.45 8456 84.61 86.92 83.88 86.22 8397 86.03 8354 84.17 8289 86.66
Naive Bayes 82.34 8345 8277 84.04 83.02 8354 8377 8411 8254 8288 8251 8271
CNN 88.14 8835 87.61 77.77 8933 8941 8878 89.39 8755 87.98 87.02 87.18
DNN 88.12 89.32 88.17 89.22 89.16 8954 8951 89.05 89.19 89.14 88.33 89.16

Table 5 shows the achieved results of all classification methods including the proposed approach using
the three datasets (DB1, DB2 and DB3), we can see that the best results concerning F1-scores, Precision, Recall
and accuracy are reported by the use of deep learning method (CNN and DNN) compared to the other
classification method. The best accuracy was 89% for DNN on the three datasets, and the lowest value was
67% for Decision Tree. The results shown in this section confirmed that using user behavior information in
addition to the textual content for the purpose of depression analysis. Certainly, improved the classification
accuracy and proved that the proposed DNN model is nominated for such mining task.

5. CONCLUSION

In this paper, we proposed a new approach to predict the women’s depression from the gathered
information on social media communication of the females’ users’ profiles. Examples of such features
extracted from tweets and users’ profiles included the number of tweets per user, number of friends, links,
hashtag, etc. This method employed a new technique for automatic annotation based on the use of CNN
architecture. Then, and once all the tweets were labeled, we injected the labeled tweets in addition to word
embedding into a proposed DNN based deep learning framework for classification. The proposed approach in
this paper was trained by a general data, composed from 14500 tweets extracted from 700 users from different
countries. Then, evaluated by additional two different dataset, the first one contains 2048 tweets from 80
women in Saudi Arabia and the second one is CLPsych 2015. The set of experiments were carried out for the
following main purposes: (1) to choose the best technique to extract the words embedding, (2) to evaluate the
CNN model; (3) to analysis the proposed DNN based model; (4) to conclude the comparative analysis of all
the implemented models for text classification with respect to literature.
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For future work, the authors intend to evaluate the proposed model, however with the capabilities of
the recurrent neural network (RNN), in particular with more focus on the feature extraction. Additionally,
different datasets from different social media like Instagram and Facebook are also intent to be gathered
evaluated.

ACHNOWLEDGMENTS

This research project was funded by the Deanship of Scientific Research, Princess Nourah bint
Abdulrahman University, through the Program of Research Project Funding After Publication, grant No (42-
PRFA-P-54).

REFERENCES

[1] Sh. Liaoa,, J. Wang , R. Yua, K.Satob, Z.Chengb, “CNN for situations understanding based on sentiment analysis of
twitter data”, Procedia Computer Science , vol.111, pp. 376-381, 2017.

[2] S.Chancellor, T. Mitra, and M. De Choudhury. “Recovery amid pro-anorexia: Analysis of recovery in social media”.
Proc. of CHI on Human Factors in Computing Systems, pp. 2111-2123. ACM, 2016.

[3] Ashar K, Mohd Husain, & Anam Khan. “Analysis of Mental State of Users using Social Media to predict Depression:
A Survey”. In International Journal of Advanced Research in Computer Science, vol.9, pp. 100-106., 2018.

[4] Kawachi, I., & Berkman, L. S. “Social Ties and Mental Health”, Journal of Urban Health, vol. 78(3), pp. 458-67,
20109.

[5] Marcus, M., yasamy, M.T., van Ommeren, M.Chisholm, D., and Saxena, S.,” Depression: A global public heatlth
concern”. Tech. rep., WHO Department of Mental Health and Substance Abuse, 2017.

[6] A.Alharbi, Elise de Doncker. "Twitter sentiment analysis with a deep neural network: An enhanced approach using
user behavioral information”. Cognitive Systems Research. vol. 54, pp. 50-61, 2019.

[7] Park, M., Cha, C., & Cha, M. “Depressive Moods of Users Captured in Twitter”. In Proc. ACM SIGKDD Workshop
on Healthcare Informatics (HI-KDD), 2012.

[8] Islam MR, Kabir MA, Ahmed A, Kamal ARM, Wang H, Ulhaq A. “Depression detection from social network data
using machine learning techniques”. Health Inf Sci Syst. 2018;6(1):8. 2018.

[9] Ali S, Harbi H, Rahman SR, “Relationship between Use of Social Media and Depression among Female Teenagers
in Buraidah, AlQassim, Saudi Arabia.” J Child Adolesc Behav, vol.(6), pp. 374-479, 2018.

[10] Lima, A. C. E., and de Castro, L. N. “A multi-label, semi-supervised classification approach applied to personality
prediction in social media”. Neural Networks, vol. (58), pp. 122-130, 2014.

[11] G.Coppersmith, M. Dredze, C. Harman, H.Kristy, and M.Mitchell.”’CLPsych 2015 Shared Task: Depression and
PTSD on Twitter”. Linguistic Signal to Clinical Reality. pp. 31-39, 2015.

[12] M. De Choudhury, M. Gamon, S. Counts, and E. Horvitz, “Predicting Depression via Social Media,” Seventh Int.
AAAI Conf. Weblogs Soc. Media, vol. 2, pp. 128-137, 2013.

[13] M. M. Aldarwish and H. F. Ahmad. “Predicting Depression Levels Using Social Media Posts”, IEEE 13" Int.
Symposium on Autonomous Decentralized System (ISADS), pp.277-280, 2017.

[14] Husseini Orabi, Ahmed Buddhitha, Prasadith Husseini Orabi, Mahmoud and Inkpen, Diana. “Deep Learning for
Depression Detection of Twitter Users”, 2018.

[15] H.-H. Shuai, C.-Y. Shen, D.-N. Yang, Y.-F. Lan, W.-C. Lee, P. S. Yu, and M.-S. Chen. “Mining online social data
for detecting social network mental disorders”. In Proceedings of the 25th International Conference on World Wide
Web, pp. 275-285. 2016.

[16] Paul, M.,J., & Dredze, M. “You are What You Tweet: Analyzing Twitter for Public Health”. In Proc. ICWSM, 2018.

[17] Collier, N., Son, N., & Nguyen, N. “OMG U got flu Analysis of shared health messages for bio surveillance”. Journal
of Biomedical Semantics, 2018.

[18] Albert Haque, Michelle Guo, Adam S. Miner and Li Fei-Fei. “Measuring Depression Symptom Severity from Spoken
Language and 3D Facial Expressions”. Computer Vision and Pattern Recognition, 2018.

[19] Lima, A. C.E. S., & de Castro, L. N. “Predicting temperament from Twitter data”. In the IEEE international conf. on
advanced applied informatics (1IAI-AAL), pp. 599-604, 2016.

[20] S. Tsugawa, Y. Mogi, Y. Kikuchi, F. Kishino, K. Fujita, Y. Itoh, and H. Ohsaki, “On estimating depressive
tendencies of Twitter users utilizing their tweet data,” in Proc. IEEE Virtual Reality, 2013.

[21] Wongkoblap A, Vadillo MA and Curcin V. “Modeling Depression Symptoms from Social Network Data through
Multiple Instance Learning”. Proc. of AMIA on Translational Science, pp. 44-53, 2019.

[22] N.C. Dang , M. Moreno-Garcia, and F. De la Prieta , “Sentiment Analysis Based on Deep Learning: A Comparative
Study “, Journal of Electronics, 9, 483, 2020.

[23] Nie, J., Wei, Z., Li, Z., Yan, Y., and Huang, L. “Understanding personality of portrait by social embedding visual
features” . Multimedia Tools and Applications, pp. 1-20, 2018.

[24] Giachanou, A., and Crestani, F. “Like it or not: A survey of Twitter sentiment analysis methods’. ACM Computing
Surveys, vol. 49, pp. 1-41, 2016.

[25] Sedhai, S., and Sun, A. H “Spam14: A collection of 14 million Tweets for Hashtag-Oriented Spam Research”, pp.
223-232, 2015.

[26] Maximilian Jenders, G. Kasneci and F.Naumann. “Analyzing and predicting viral tweets”. WWW '13 Companion:
Proc, of the 22" International Conference on World Wide Web, pp. 657-664, 2013.

A Multimodal Deep Learning Approach for Identification .... (Hanen Karamti et al)


https://www.researchgate.net/journal/1099-3460_Journal_of_Urban_Health

430 a ISSN: 2089-3272

[27] Severyn, A., and Moschitti, A. “Twitter sentiment analysis with deep convolutional neural networks”. In Proceedings
of the 38" international ACM SIGIR conference on research and development in information retrieval - SIGIR °15,
pp. 959-962, 2015.

[28] Nair, V., & Hinton, G. E., “Rectified linear units improve restricted boltzmann machines”. In Proceedings of the 27th
international conference on machine learning (ICML-10), pp. 807-814, 2010.

[29] Goncalves, P., Araujo, M., Benevenuto, F., & Cha, M.. “Comparing and combining sentiment analysis methods”. In
Proceedings of the first ACM conference on Online social networks - COSN *13 ACM Press, pp. 27-38, 2013.

[30] S. L. Gortmaker, D. W. Hosmer, and S. Lemeshow. “Applied Logistic Regression”. Contemporary Sociology, vol.
23, no. 1. p. 159, 1994.

[31] I Rish. “An empirical study of the naive Bayes classifier”. IJCAI 2001 Work. Empir. methods Artif. Intell., vol.
22230, pp. 41-46, 2001.

BIOGRAPHIES OF AUTHORS

Hanen Karamti completed a Bachelor of Computer Science and Multimedia at ISIMS (High
Institute of Computer Science and Multimedia of Sfax) University, Tunisia. She obtained her
Ph.D degree from the Computer Science from the national engineering school of sfax
(University of Sfax, Tunisia), in cooperation with the university of La Rochelle (France) and
the university of Hanoi (Vietnam). H.Karamti is now an assistant professor at Princess Norah
bint Abdulrahman University, Riyadh, Saudi Arabia. Her areas of interest are information
retrieval, multimedia systems, Image retrieval, health informatics, big data and data analytics.

Dr. Eatedal Alabdulkreemis an assistant professor at the department of computer sciences,
College of Computer and Information Sciences, Princess Nourah Bint Abdulrahman
University, Riyadh Saudi Arabia. She got her PhD degree in computer science from Brunel
University. Her area of interest includes: Artificial Intelligence, Cognitive Computing, and
Network. She has published several research articles in her field.

Hedia Zardi was born in Sousse, Tunisia, in 1986. She received the bachelor’s and master’s
degrees in computer science from the University of Monastir, Tunisia, in 2009 and 2011,
respectively, and the Ph.D. degree in computer science from Sorbonne University, France, in
2016. From 2017 to 2019, she was an Assistant Professor with the University of Monastir. She
is currently an Assistant Professor with Qassim University, Saudi Arabia. She is the
author/coauthor of several articles in international conferences and journals. Her current
research interests include social networks, graph mining, and multi-agents systems.

Abeer.M.Mahmoud a bachelor in computer science in Ain shames university, Egypt. Then she
obtained her Master degree in Knowledge Discovery and Data Mining from the Faculty of
Computer & Information Sciences - Ain Shams University - Cairo, Egypt.She obtained her
PhD degree of Doctor of Philosophy in Engineering- from the Graduate School of Engineering
- Niigata University, Japan. Now she is Professor of computer Science in Ain Shames
university, Egypt.

IJEEI, Vol. 10, No. 2, June 2022: 421 —430



