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Abstract. Capturing user’s interests and preferences by analyzing and interpret-
ing the daily-shared contents in online social networks offer a unique infor-
mation source for several domains such as business, marketing and politics.

User’s profile describes its owner’s characteristics, where it contains several
important personal information such as (age, sex, job title, level of education,
etc.), which can help to improve the process of user’s interests identification.
This information can typically represent a range of values representing only one
user profile. Hence, the shared posts, the reactions on other posts and their cir-
cle of friends can help to reflect their interests. However, exploiting all this in-
formation through the analysis of user profiles can help to enhance user’s inter-
ests identification performances.

In this paper, we propose a deep learning user’s profile analysis based approach
that relies on users’ personal information and textual content for detecting us-
er’s interests and preferences. We experimented our approach using a large Fa-
cebook dataset, and show how the deep learning approach perform significantly
better than the classical algorithms such as SVM.

Keywords: Deep learning, Personal information attributes, profiling, Text clas-
sification, Social text, Online Social Networks, User’s interests.

1 Introduction

Online social network (OSN) has become a part of the daily routine of a huge
number of persons. OSNs users can fill information that represents their personal
information attributes, posts, and comments covering several topics. A large number
of fields including: trendsetting, future prediction, recommendation systems, commu-
nity detection, business marketing, and sentiment classification are interested in the
automatic use of this information. User’s personal attributes such as gender, age, loca-
tion, marital status, education, career, etc. are the personal static information that de-
scribes user’s profile in OSN. Some of the previous researches have interested to the
categorization of author’s characteristics relying on textual content (textual features)
generated by this OSNs user, a part of them is interested in the detection of the au-
thor’s gender [22], [23], [33], and [25]. Other works, focused on the identification of
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the author’s age [15] and [17]. The mentioned works relied on textual content gener-
ated by the user to detect what are their personal information attributes. The previous
works prove the existence of strong relation, which led as consequence, to use the text
generated by users in order to identify user’s personal attributes. Hence, we suggest
exploiting personal information attributes textual content generated by the user for
identifying user’s interests.

We notice from the existing studies on OSNs text classification, that only user-
generated content was taken in concern for the aim of improving social text classifica-
tion performances. In the work in [9] and others have relied on sentiment bags, and
some others on embedding models [31]. Whereas, there are a studies that have pro-
posed approaches which deal with the specific characteristics of the social short text
[31] and [7]. In The research proposed by (use the name of author here) [3], the first
order Markov model for hierarchical Arabic text classification has been used. In addi-
tion, [2] has relied on the singular value decomposition method in order to identify
textual feature, where [5] has presented an improved method of Chi-square feature
selection method. The research in [25] has explored the use of Natural Language Pro-
cessing techniques in a gender classification system, where the results have deter-
mined that word embedding models have significantly performed better using multi-
ple machine learning techniques in opposite of the traditional Bag of Words model.
Both of personal information information and user-generated content are available in
online social networks. All the existing studies on OSNSs text classification depend
only on textual content generated by the user. We suggest including the personal in-
formation attributes in addition of user-generated content. That step can play a crucial
role in improving the classification performances. Hence, it is feasible to leverage
these attributes to build a smarter classifier and achieve better performance. In this
work, we investigate how both user-generated content (textual data) and personal
attributes are exploited to categorize textual content by topics of interests.

Inspired by the recent success of deep learning techniques in many NLP tasks, we
further propose a deep personal information-content-based approach relied on both of
textual features and personal information features for the classification of user textual
content by topics of interests. To evaluate our approach, we propose to compare be-
tween the 17 well-known classical classifier SVM that got the best results in [6] and
the deep learning classifiers results.

We discussed the previous related works. In section 3, we present our methodology
including our proposed approach. In section 4, we represent the details of the used
dataset. In section 5, we detailed the results applied to the dataset extracted from Fa-
cebook, and finally in section 6, we present a conclusion and perspectives.

2 Related Works

This section emphasizes previous studies relevant to this research, and pinpoints
the considered features in each work for improving the performance of the social text
classification. Usually, the previous studies have been classified the social text con-
sidering only the textual content. The authors in [18] have introduced a text-based
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hidden Markov models which utilizes word orders without the need of sentiment lexi-
cons. A posts classification model based on neural network with incorporating user
tastes, topic tastes, and user comments has been developed by [11]. The authors in 36
[31], have described a Twitter election classification task that aims to detect election-
related tweets, this work is based on embedding models for improving the classifica-
tion performance. [4] has proposed an approach which deals with the limitations of
the social short texts for improving the classification performance. In addition, [7]
have introduced a novel preprocessing methods adapted to the special characteristics
of the social text in order to improve the classification performances. A real-time
system has been developed by [9] to extract and classify the YouTube cooking recipes
reviews automatically in order to improve the performance this system some senti-
ment bags, based on emoticons and injections have been constructed. The authors 46
in [3] have proposed a text classification method which is a space efficient method 47
that utilizes the first order Markov model for hierarchical Arabic text classification.
48 The work in [2] has used the singular value decomposition method to extract tex-
tual features; they compare between some of the well-known classification methods.
The research [5] has presented an improved method of Chi-square feature selection
method to minimize the data and produce higher classification accuracy. The authors
in [20] have focused on the evaluation of feature selection methods for improving text
classification performance. The authors in [26] have used the structure of social media
opinions for enhancing the sentiment classification performance.

All these previous works mentioned above have focused only on content-based
methods and especially, the textual features for analyzing and classifying the social
text. They totally neglect the personal information aspect of the user, which can play a
crucial role toward the content classification. Moreover, we remarked a strong link
between user-generated content and his/her personal information attributes trough
several previous studies that have exploited this text shared in OSNs to detect one or
more personal information attributes of the user (author’s text).

Many studies in OSNs have focused on the task of capturing author’s gender. The
authors [23] have considered a set of text features such as function words and part of
speech n-grams for providing a system of gender classification. The authors [33] have
presented an efficient gender classification model to predict the gender values of
specified users crawled from a Chinese micro-blog service. The problem of gender
classification has been treated by [22] which have proposed a typical surface-level
text classification approach by identifying differences between genders in the ways
they use the same words. Other works have focused on the age detection, the authors
[15] have proposed an approach considering the writing style and both users’ history
and profile for determining the age groups of Twitter users. Other research have fo-
cused on several other characteristics, where a hybrid text-based and community-
based method for the personal information estimation of Twitter users has been pro-
posed by [17].The authors in [25] have achieved a significantly better results using
word embedding models with multiple machine learning techniques than the tradi-
tional Bag of Words model in a gender classification system.

The authors in [6] have considered the personal information attributes with propos-
ing a content-personal information-based approach which use not only the textual
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features, but both the textual content shared by the user and his/her personal infor-
mation attributes inorders to improve the classification of the textual content by a
topic of interests. Here, the authors have used only the classical algorithm SVM.

In this paper, we propose a deep content-personal information-based approach
which uses both of textual content and user’s personal information attributes. This
approach is based on Deep Learning algorithms. To evaluate the proposed approach,
we propose to compare between the well-known classical classifier SVM and the
deep learning classifiers results.

3 Proposed methodology

User-generated text in OSNs is exploited in order to discover user’s preferences and
interests, which represent an important piece of information. Hence, in the work [8]
the authors have been discover that even users’ personal information attributes can be
useful in predicting users’ interests, and improving the performance of the social text
categorization. To understand the link between users personal information attributes
and user’s generated text, they have proposed a quantitative analysis by computing
the number of users with similar personal information attribute in each topic of inter-
est. Hence, they have deduced that the link between users personal information attrib-
utes and user-generated text is strong or weak relatively to the topic of interest in
question. “each attribute has a strong impact on some categories (topic of interest) and
weak impact on others” [8]. basing on this interesting study proposed by the authors
in [8] and due to the power of deep learning in NLP and text classification, we pro-
pose a new approach based on deep learning and the users’ personal information at-
tributes.

3.1  Traditional classification approach

Exploiting both content and personal information information for social text classi-
fication have been studied in [6] using traditional machine learning algorithms such as
support vector machine (SVM). In this work, we use SVM model, which achieves the
best performance in [6] for our social text classification task. The SVM model is
based on the following objective function for classification: for each post pi. The vec-
tor vj is the corresponding content and personal information attributes vector.

f(pi)=w.vi+b (1)

where w is the normal vector to the hyperplane, and v; is the input vector. The post
class is attributed by the sign of f:

+1,if f(pi) >0
h=sing(f(p:))=
—1,else
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For multi class SVM model, a multi class categorization can be obtained by combin-
ing a set of binary classifiers fi, f,,... fn for M classes, and each classifier is trained to
differentiate class from the rest. The combination is carried out according to the max-
imal output before applying the sign function [27].

3.2  Deep learning approach

Due to the recent success of deep learning techniques in text classification [19], we
propose a content-personal information-based approach, which use deep neural net-
works models to classify social text.

Convolutional Neural Network based on Personal Attributes (CNN-PA). Inspired
by the good results of convolutional neural network model [19] in text classification
task, we further propose to use CNN model in our proposed approach based on the
personal information information (CNN-PA). In the training phase, in order to pro-
duce a new feature f; , a convolution operation uses a filter w which has a window h of
words sequence X;.i+s—;. Usually, the feature fi in the content-based CNN is defined as
follows:

fi = g(W.X;:i44-1 ) (2)

where b is a bias term and g is a non-linear function such as hyperbolic tangent.
This filter is applied to each possible window of words in the sentence {X1:n, X2:h+1,
Xn-n+1:n} 10 produce a feature map f = { f1, fa,..., f,-»+/}. Then a max-pooling operation
[12] is applied on the feature map to capture the most important feature by taking the
maximum value f= max{f}. Finally, we use a softmax function to generate the proba-
bility distribution over labels. Now, we introduce the personal information-content
based approach CNN-PA, for each post p;, v is the combination between words se-
guence X;.;+;—; and personal attributes A, V = (X;:i+4-1,A).

fi = g(w.v+b) 3

Recurrent Neural Network based on Personal Attributes (RNN-PA): Recurrent
neural networks (RNNSs) are a rich class of dynamic models. RNNs can be trained for
sequence generation by processing real data sequences one step at a time and predict-
ing what comes next [14]. An input vector sequence X = (X1,..., Xt ) is passed through
weighted connections to a stack of N recurrently connected hidden layers to compute
first the hidden vector sequences h"= (h7,..., h}) and then the output vector sequence
y = (y1,..., Y7 ). Each output vector y; is used to parameterize a predictive distribution
Pr(xt+1]yt) over the possible next inputs X+1.

h%= H(Wihn Xt +Whlh1 h%_l +bt1) (4)

hi'= H(Win" X; +Wn" 5" =1 + Wi o R +h) ®)
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where the W denote weights, the b denote bias vectors and H is the hidden layer function. Giv-
en the hidden sequences, the output sequence is computed as follow:

9= by + ¥ i wpny bt (6)
Vi =Y() (7

where Y is the output layer function. The output vectors y: are used to parameterize the predic-
tive distribution Pr(xw+1]yt) for the next input. The probability given by the network to the input
sequence X is:

Pr(x) = [Mi=y Pr(xes1ly,) (8)

Usually, for classifying a textual post p the input vector sequence x is constructed
only from the content d of this post. Here, in our model called Recurrent Neural Net-
work based on Personal information information (RNN-PA) the input vector sequence
x corresponds to both the post-content d and the user’s personal attributes A.

4 Dataset collection and construction

The dataset provided in [8] consists of 72900 Facebook posts, these posts contain
only the textual content, which are sufficient for training our models .The posts are
collected from July to September 2016 using Facebook API. They are collected from
300 specific users’ profiles, which are public, active and real. This dataset are made of
the posts accompanied by their authors’ personal information attributes. These posts
are annotated to eight (8) different classes, which are (art, fashion, sport, technology,
business, news, science and education, and other). Considering the privacy reasons,
the users’ IDs and names are deleted. Table 1 summarizes the basic statistics of our
data (i.e., the average number of posts and the average number of users in each cate-

gory).

Table 1. Statistics of Our Data.

Data Statistics

Posts 72,900

Users 300
News (8748), Business (8311), Technology (3413), Art (9112), Sport

Categories (6561), Mode& Fashion (6780), Science & Education (8165), Other
(11810).

Gender Female (42.66%), Male (57.34%)

Age 13-17 (19.4%), 18-27 (36.8%), 28-37 (27.8%), 38-60 (16%)

Work Worker(60.3%), Unempoloyed (20.3%), Not concerned (19.4%)
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Edudcation University (yes, 44.1%), (No, 55.9%)
Marital status Married (46.1%), Not married (34.5%), Not concerned (19.4%)

5 Results and discussion

In this section, we compare between the results obtained applying the different al-
gorithms based only on textual content and the results obtained by these different
algorithms based on both textual content and personal attributes (gender, age, marital
status, work, and education). These results are summarized in Table 2. Here, we eval-
uate all our ranking models using 10-fold cross validation to reliably compute e statis-
tical significance values.

Table 2. Comparison between classifiers results, Precision, Recall, F-Measure, and Accuracy,

using 10- folds cross validation..

Method Content  Personal Accuracy (%) Precision  Recall F-Measure
Attributes

SVM [8] * 75.55 0.774 0.755 0.761
CNN * 78.6 0.786 0.786 0.787
RNN * 75.7 0.778 0.757 0.757
SVM [8] * * 90.01 0.896 0.9 0.897
CNN-PA * * 90.7 0.909 0.907 0.908
(ours)

RNN-PA * * 94.9 0.949 0.949 0.949
(ours)

By observing the results showed in table 2 we remark that the personal attributes
have an impact on the classification performances. Especially, deep neural network
models have shown a more powerful classification a model using both content and
personal information attributes features. Comparison between classifiers results: As
we remark from the table 2, the highest results we achieved are: 94,9% in accuracy,
0.949 in precision, 0.949 in recall and 0.949 in F-measure using the textual content
and users characteristics (users personal information attributes) by CNN-PA classifi-
er. Firstly, using only the textual content, we got the following results for the accura-
cies, 75.55% using SVM, 78,6% using CNN, 75,7% using RNN, the best accuracy
obtained here are given by CNN classifier. In term of precision, CNN got the best
result with 0.786, SVM with 0.774, and RNN with 0.778. In terms of recall and F-
Measure, we got these results respectively, CNN with (0.786 and 0.787) which repre-
sent the best results followed by RNN with (0.757 and 0.757) and SVM with (0.755
and 0.761). Now, we discuss the results obtained by adding personal information
information of users in the classification process. Where, we got the following results,
accuracies with 90.01% using SVM, 94.9% using CNN-PA and 90.7% using RNN-
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PA, here we notice that the best accuracy is achieved by CNN-PA classifier. In term
of precision, CNN-PA got the best result with 0.949, SVM with 0.896, and RNN-PA
with 0.909. In terms of recall and F-Measure, we got these results respectively; CNN-
PA classifier with (0.949 and 0.949) represents the best results followed by RNN-PA
with (0.907 and 0.908) and SVM with (0.9 and 0.897).

After presenting, the global results obtained using only the textual content and us-
ing both textual content and the prsonal attributes, and showing the positive impact of
the personal information attributes on the classification performances...

6 Conclusion and future works

In this article, we have presented a deep learning-based approach to sequential so-
cial short-text classification. We demonstrate that adding user’s personal information
improves the performance of the user’s interests identification, and the use of deep
learning model performs significantly better than the classical algorithms used in the
stat of the art, such as the SVM classifier.

Limitations and future work: The main idea of the proposed approach is to include
users’ personal attributes in the classification process of the social text in order to
improve its performances. However, two major limitations are presented here. Firstly,
only the explicit attribute are taken. As such, our approach does not work well when
user’s Social information is not available, or users restrict their personal information.
In addition, this work is limited to the textual data where one of the OSNs specificity
is the data heterogeneity (posts can be images, videos, text, etc.).

In our future works, we will spread out our dataset and mainly focus on solving the
posed limitations: firstly, proposing an automatic model, which can extract the implic-
it information about the user, existed in his social content. Secondly, we will analyze
other multimedia content (such as images).Thirdly, we will exploit other information
available on OSNs to build a more powerful classification model, for example, using
different interaction information such as the reactions (Like, lovely, etc.), and friend-
ship.
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