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Abstract

User attribute classification is an important research topic in social media user profiling, which has great commercial
value in modern advertisement systems. Existing research on user profiling has mostly focused on manually handcrafted
features for different attribute classification tasks. However, these research has partly overlooked the social relation of
users. We propose an end-to-end neural network model called the social convolution attention neural network. Our model
leverages the convolution attention mechanism to automatically extract user features with respect to different attributes
from social texts. The proposed model can capture the social relation of users by combining semantic context and social
network information, and improve the performance of attribute classification. We evaluate our model in the gender, age, and
geography classification tasks based on the dataset from SMP CUP 2016 competition, respectively. The experimental results
demonstrate that the proposed model is effective in automatic user attribute classification with a particular focus on fine-
grained user information. We propose an effective model based on the convolution attention mechanism and social relation
information for user attribute classification. The model can significantly improve the accuracy in various user attribute
classification tasks.

Keywords User attribute classification - Social media - Convolution neural network - Attention mechanism

Introduction analysis, and have been applied to various domains, such as

precision marketing, precision medical care, and financial

In recent years, online social media, such as Twitter, Facebook,
and Sina Weibo, have developed rapidly, and the amount of
user data on social media increases accordingly. These user
data, as an important resource, can accurately characterize
social media users for user profiling. User profiling has thus
become one of the hottest research topics in social media
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risk forecasting. User attribute classification is a crucial
problem in user profiling, which has significant commercial
value in modern society. Since social media provide
abundant user information for analyzing and inferring user
attributes [1, 2], social media analysis based on user
attribute classification has therefore become an effective
way to discover potential business customers and generate
intelligent marketing reports for different brands.

Previous research on user attribute classification has mostly
focused on feature engineering [3—6]. Feature engineering
generally requires much manual labor to design and extract
task-specific features, which may partly limit the scalabil-
ity of learned classification models. Different features are
extracted for different attributes to achieve the ideal perfor-
mance. Moreover, most studies using feature engineering
were based on traditional machine learning classifiers [1, 7—
9]. These studies may ignore semantic information in text
and social information in user relationships.

In this paper, we propose a novel user attribute
classification method to capture the social and semantic
information of users and reduce manual labor from feature
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engineering. The proposed method makes the most of user-
generated text and user social networks by combining
text and social relation embedding in an end-to-end
model. The learned model can automatically generate
fine-grained features and extract keywords in social text
for different attribute classification tasks. The attention
mechanism in a neural network has been applied in different
tasks [10, 11], such as document classification [12, 13]
and machine translation [14]. We propose a convolution
attention mechanism to identify the importance of each
word using its context word embedding in the proposed
model. We conduct extensive experiments to evaluate the
effectiveness of this method on the dataset from the
SMP CUP 2016 competition. Experimental results show
that the proposed method can achieve the state-of-the-
art performance for different user attribute classification
tasks. This model largely improves the classification
accuracy of user attributes influenced by social relations by
incorporating social network information.

We summarize the contributions of this paper as follows.

1. We propose an end-to-end neural network model based
on the convolution attention mechanism to model social
media users. The network extracts significant words and
valuable microblogs for attribute classification without
any handcrafted features.

2. We integrate social relation information into the pro-
posed attention neural network. The integrated network
enriches user representations and improves the accuracy
of social relation-oriented attribute classification.

3. We conduct extensive experiments to evaluate the
effectiveness of the proposed method for different user
attribute classification tasks. The experimental results
show that the proposed model outperforms state-of-the-
art models in user profiling.

The remainder of this paper is organized as follows. Section
“Related Works” introduces the related work on user attribute
classification; “Social Convolution Attention Neural Net-
work™ details the proposed model with text and social
network attention for user attribute classification; “Exper-
iments” provides experimental results for three different
attribute classification tasks and the attention visualiza-
tion; and “Conclusion” concludes the paper and provides
information regarding future work.

Related Works

Recently, the study of user attribute classification has
attracted much attention in the research area of user
profiling. Most early research focused on long text
generated from social media platforms, such as blogs. For
example, Schler et al. [15] built handcrafted feature sets
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to classify social media users in terms of age and gender
by analyzing user writing styles differences and generating
user contents for different ages and genders. Mukherjee
et al. [16] combined feature selection methods and part-
of-speech information to enhance the accuracy of blogger
gender prediction.

With the development of short text-based social media,
many studies have focused on social data, such as microblogs
[17]. User attribute classification has become one of the
hottest research topics [4, 18]. Burger et al. [19] extracted n-
grams and other handcrafted features from microblog texts,
user personal descriptions and user names. They modified
the balance winnow algorithm with the extracted features
to improve the performance of user gender classification.
Miller et al. [20] combined the perceptron with the Bayes
model using n-gram features for user gender classification.
Ludu et al. [8] modeled the interests of users using the
information of followed celebrities and then summarized
the characteristics of different users in different fields. Their
study implied that men paid more attention to technical
celebrities, and women were more interested in family
celebrities. Based on this information, they improved the
performance of gender classification. Mueller et al. [3] used
user names in Twitter to handcraft a variety of features
based on word structures for user gender classification.
Sesa-Nogueras et al. [9] inferred user genders using the
dynamic information from user online writings on digital
tablets. These studies have indicated that information from
social media can benefit user attribute classification with
handcrafted features.

Existing studies have also focused on the extraction
of different user attributes. For example, Bo et al. [21]
incorporated information gain and the maximum entropy
into feature selection for user geographical classification.
Their method built a related geographical vocabulary to
reduce feature dimensions for accelerating the classifica-
tion. Ahmed et al. [22] applied the Chinese restaurant pro-
cess to the recognition of geometrical name entities based
on probability models and used the hierarchical relation
information of each geographical location for geograph-
ical attribute extraction. Rahimi et al. [7] integrated the
social relation information into extracting the information
of the character “@” in microblogs, and they used the label
propagation algorithm and the logistic regression model to
improve the prediction of user geographical attributes. Park
et al. [2] measured personalities and psychological richness
using language models in social media. Their study summa-
rized the ways people expressed themselves and recorded
their change over time in terms of words, phrases and top-
ics, which provided a clear portrait of unfolding mental
life. Sloan et al. [6] developed a set of pattern-matching
rules to infer the distributions of user ages and occupa-
tions on Twitter for better attribute extraction performance.
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Volkova et al. [1] employed generated texts in social net-
works to analyze emotions and sentiments for the latent
online personality of users based on log-linear models and
feature engineering. Li et al. [23] incorporated prior sen-
timent information at both word level and document level
to investigate the influence of each word on the sentiment
label for learning effective word representations. Alradaideh
et al. [24] proposed to use the rough set-based methods
for sentiment analysis to classify tweets written in the Ara-
bic language. Asgarian et al. [25] investigated the impact
of NLP tools, various sentiment features, and sentiment
lexicon generation approaches for sentiment polarity clas-
sification of internet reviews written in Persian language.
Mukhtar et al. [26] used different evaluation measures
for validation of best classifiers in Urdu sentiment analy-
sis. Peng et al. [27] provided a comprehensive review on
sentiment analysis in Chinese language.

Another important research topic in user attribute
classification is how to represent users as vectors for
measuring user similarities based on representation learning
techniques. Some recent studies have focused on this topic.
For example, Peng et al. [28] proposed a new method
to simultaneously identify the feature dimension of the
learned subspace and learn the underlying subspace in the
presence of Gaussian noise to boost classification accuracy,
robustness and efficiency. They also bridged the gap
between Frobenius-norm-based representation (FNR) and
nuclear-norm-based representation (NNR) for providing
new insights to understand FNR and NNR under a unified
framework [29]. Word representation methods have also
been used in user attribute classification tasks [30-32].
Furthermore, Le et al. [33] represented sentences and
documents as low-dimensional dense vectors to capture
abundant semantic information. Some studies have also
attempted to develop effective representations of nodes
in a large-scale graph, such as social networks [34-36].
These methods have been successfully useful in many
tasks, such as visualization, node classification, and link
prediction [37-40]. Network embedding has been proven
to be effective in node classification particularly on social
network-based graphs [34, 35, 39, 40]. These studies treated
users in social media as nodes to embed user relations
in a continuous vector space. However, to our knowledge,
few studies have used network embedding for user attribute
classification. We believe that network embedding would
benefit user attribute classification by considering the
relationships of social media users.

Even though previous studies in user attribute classifi-
cation have improved the performance of different tasks,
their performance may be further enhanced by incorporating
more semantic information from user relations. Moreover,
feature engineering and feature selection in these stud-
ies are relatively expensive in manual labor. Automatically

generated features may largely reduce the manual labor and
improve the efficiency of attribute extraction and classifica-
tion.

To this end, we introduce pre-trained word represen-
tations to capture the semantic information from public
social media texts and propose an end-to-end neural net-
work model for different user attribute classification tasks to
reduce the workload of feature engineering. The proposed
model introduces the social convolution attention mecha-
nism to assign distinct weights for different microblogs and
words; the model automatically distinguishes the content
contributions in different tasks. This mechanism enriches
detailed information, avoiding the removal of low relevant
words in other feature engineering methods [41]. We adopt
the large-scale information network embedding [42] as the
pre-trained representations to incorporate the social rela-
tion information into the text-based neural network model,
which may largely enhance the existing one-hot representa-
tions in previous models [5].

Our previous work has used microblog data to detect and
extract hot topics [43] and learned to rank expansion terms
[44]. The difference between this work and our previous
works lies in the tasks and methods. This work mainly
focuses on the user attribute classification task, whereas our
previous work focused on the hot topic detection task. We
adopt neural network models in this work instead of using
handcrafted features as in our previous works.

Social Convolution Attention Neural
Network

In this section, we describe the proposed model using text
and social network attention for user attribute classification.
We first present our text-based attention model for user
attribute classification. Then, we introduce the convolution
attention mechanism in detail. Finally, we extend text-based
attention with social network embedding. We illustrate the
structure of our model based on the text and social attention
neural network (SA-NN) in Fig. 1.

The network consists of two-level attention structures
as follows: the word-level structure (Word Attention in
Fig. 1) and the text-level structure (Text Attention in
Fig. 1). The word-level structure uses word2vec [30] to
pre-train word embedding, which is taken as inputs for
the attention layer.! The attention layer learns the semantic
weights for different words and encodes word vectors into
microblog representations. The text-level structure takes the

IWe have also used an extra convolutional neural network (CNN)
and long-short-term memory (LSTM) layers to encode word
representations before the attention layer, but no improvement was
achieved with greater time cost. We keep the CNN and LSTM layers
as comments in our codes for future optimization.

@ Springer
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Fig.1 Model structure based on
the text and social attention
network (SA-NN)
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representations of microblogs as inputs. We regard each
microblog as a sentence, because microblogs are mostly
short and each has a single topic. In this way, we portray
each user in social media as a collection of sentences based
on user-generated microblogs. Then, we use the attention
layer to learn the semantic sentence representations with
respect to each user in a user representation.

User Attribute Classification Based on Text Attention

We use neural network-based embedding vectors in two
levels to capture the semantic information in words
and sentences. Neural networks with word embedding
have been used in many classification tasks to generate
sentence representations based on different structured
neural networks. In these networks, term frequency and
inverse document frequency (TF-IDF)-based features are
always applied to measure the importance of different words
in sentences. However, the performance may be hindered
by the inconsistency between the goal of different tasks
and their corresponding target loss functions. In this paper,
we incorporate more neural cells to generate different word
weights using context-based semantics and social network
structure-based information. The proposed model adopts
the attention mechanism to automatically assign distinctive
attentions for the significant words in different tasks. We

Convolution

Word Embedding

Fig. 2 Convolution attention layer used in our two-level semantic
representations
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name our model as the text attention neural network model
(TA-NN).

We illustrate the proposed network with attention layers
in Fig. 2, which contains three input units and one output
unit. In the figure, x; is a matrix of word vectors in one
sentence. x, and v are used to calculate the weights of
different words. A, is the output unit of the attention layer,
which seeks to capture the semantic information of the
sentence.

In the attention layer, x, is an attention matrix, which
consists of attention representations of each word. x,; is
the word attention representation for the i*” word, which is
correlated with the weight of the word in the sentence. In
the proposed model, the convolutional results of each word
are used as the attention representation in which nearby
words comprehensively capture the semantic contribution
of each word in the context. We visualize the effects of the
proposed attentions in the experiments in “Visualization of
Attention”. We formulate this method as follows.

Xqi = relu(wlxi—1, xi, xi+1]1 + b) @)

uy = tanh(wxg; + b) (2)
exp(ulv)

o = = (3)

> exp(utTiv)

he =" ixii “)
i

where u;; denotes the result of the nonlinear transformation
of the attention vector x,; for the ith word. v is a randomly
initialized vector affecting the word weight distribution.
The same word in different sentences shares the same
vector. Specifically, v is used to learn the weights of each
dimension of word representations. /4, is the output of the
attention layer used as the sentence representation or the
user representation.
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Fig. 3 Convolution attention layer with text and social network
embedding

User Attribute Classification Based on Text
and Social Network Attention

We further consider the followed relations of users in social
media to represent users in terms of multiple views based on
the proposed TA-NN model in this section. We propose the
text and social network attention neural network (SA-NN).
In the SA-NN model, we regard users as nodes and relations
of users as edges in social networks. We pre-train node
presentations of users in a social network with 550 millions
followed relations using the LINE network embedding
method [36]. Users with followed relations in social media
have similar vector representations in the learned vector
space. Since users in different social groups have different
habits in word expressions, the probability distribution of
words tends to be different among microblogs of different
users. In classification tasks, the difference influences the
weights of words in attention layers. Therefore, we provide
the network embedding results as the prior information
for our model. We illustrate the structure of the proposed
network based on text and social network attention in Fig. 3.

We calculate the nonlinear transformation of the attention
vector u;; and the output of the attention layer 4, as follows.

ug = tanh(wyxqi + wyx, + b) )

he =Y onilxii, /] 6)

where x, represents the node vectors of users in social net-
works. a;; is still calculated based on Eq. 3. We implement
the vectors both in the word-level and text-level attention
layers. According to these two-level attention layers, the

Table 2 Statistics of datasets

#Users #Microblogs #Social users
Train 3200 241568 1561
Test 1240 95936 616
Total 4440 337504 2177

low-dimensional dense representations of users encode the
semantics and social relation information simultaneously.
Finally, we use the user vector representations to classify
different user attributes.

We use a nonlinear transformation layer to embed the user
vector representations u into a new vector representation u’
in a user attribute space. Then, we connect the layer with
a Softmax layer to obtain the probability distribution of
user attribute values and output the classification results. We
formalize this method as follows.

u' = tanh(wu + b) 7
exp(ul)
¢ = (8)
i exp(uy)
C
c==> > pEw) - log(pc(w)) ©)
uelU c=1

where C is the number of user attribute values in different
attribute classification tasks. p. is the probability that the
model predicts the user attribute value as c. U represents the
user set. pf (u) is 1 if the ground truth value of u’s attribute
is ¢; otherwise, pg (u) is 0. We adopt the cross-entropy as
the loss function. The optimization goal is to minimize the
classification loss defined in Eq. 9.

Experiments

In this section, we evaluate the proposed model in three
different attribute classification tasks. Then, we introduce
the experimental settings and report the experimental results
in the following subsections.

Table 1 Snapshot of the used

dataset User ID Age Gender Geography Weibo content
ANFIEXNE BCE PRIGNE? TAEITILES
1 1980- Female Northeast Don’t know if there is Luwak Coffee in the
1989 neighborhood? I am at YanJiang Street.

— LRI A ALY, ARTT O[5

I receive a gift from Ling when I go to work. I am
very happy[Smile]
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Table 3 Attribute values

Table 4 Model parameters

Attribute Label Parameters Values
Age —1979/1980-1989/1990+ Word embedding 300
Gender Male / Female Network embedding 512
Geography Northeast/ North China/ Central/ East Convolution units 128
China/ Northwest/ Southwest/ South Word attention units 128
China/ Overseas Weibo attention units 128
Tanh units 100
Dropout 0.5

Experimental Settings

We use the dataset from the SMP CUP 2016 competition.>
The competition includes three subtasks in attribute
classifications based on the same dataset. There are more
than 350 teams participating in the competition. The
dataset is constructed based on Sina Weibo, the largest
social network website in China, which contains abundant
information on social media users. The dataset contains
three types of information, including social relations,
microblogs, and user attributes. Social relation information
contains about 550 million followed relations of 25.67
million users. The followed relations are either one-
directional or bi-directional. Microblogs provide the text
information from 4.6 million users in the social network.
User attributes include the age, gender and geographical
attributes of about 5000 users from the above 4.6 million
users with microblogs. These 5000 users are chosen by the
organizer of the competition to compare the performance of
different models. Readers can refer to the official website
of the competition for more details. We provide a sample
snapshot of the used dataset in Table 1. We use the 5000
users with attribute information in our experiments. We
divide the data into the training set and the test set as shown
in Table 2.

We examine the effectiveness of our models in three
attribute classifications. We provide details about the
attribute labels used in these tasks in Table 3. The parameter
values are empirically set in our model. Specifically, we pre-
train 300 dimension word embeddings on a 5 GB Weibo
dataset from SMP CUP 2016 with random initialization.
We choose the dimension of word embedding following
the existing models [12, 45, 46]. We tune the hyper
parameters of our model using 10% of the training data
as the development set. We switch the dimension of
network embedding from 64 to 512 to obtain the optimal
value. We observe that the accuracy tends to be higher
with the dimension increase, but the cost on memory and
time increases accordingly. We also switch the number of
attention units from 64 to 256 but observe no significant
difference in terms of accuracy. We select the best

Zhttps://biendata.com/competition/smpcup2016/
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configuration based on the performance on the development
set and report the selected parameters in Table 4.

Baselines

We compare our models with several strong baseline
methods for user attribute classification. The baseline
methods include the most effective models used by the top-
5 teams in the SMP Cup 2016 and state-of-the-art models
for document classification.

Majority concerns the attribute category with the largest
proportion in the training set as the predicted attributes
for each user in the test set.

TF-IDF involves term frequency and inverse document
frequency, which are built in the ensemble models used
by competition participants. We train a logistic regression

Table 5 Accuracy of the geographical attribute classification task

Models Accuracy (%)
Models with text information
Majority 28.24
TF-IDF 56.78
AvgWordVec 44.35
HCNN 59.25
PVDM 58.08
HN-ATT 63.55
CNN-GRU 50.81
TA-NN 69.27

Models with text and social relation information

KNN 64.92
XGBoost 66.45
SA-NN 71.94
Ensemble models
HLT-HITSZ 72.70
DUTIR-TONE 69.76
3rd-Team 68.06
SA-NN-Ensemble 73.55

The italic numbers indicate the models that achieve the best
performance using each feature set
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classifier to learn the TF-IDF features for the microblog
texts of each user. We adopt a 1-gram TF-IDF with the
minimum document frequency of 3.

AvgWordVec averages the word embeddings of each
microblog to obtain user representations. The user
representations are then fed into a support vector machine
(SVM)-based classifier as features. We apply the gensim
tool? to pre-train the word embedding in our experiments.

HCNN uses a hierarchical convolution neural network
(CNN) layer and a pooling layer to encode pre-trained
word representations as user representations. The filter
length is empirically set to be 5, and each CNN layer has
128 filters. We employ relu as the activation function and
adadelta as the optimizer.

PVDM merges user-oriented microblogs and adopts the
PVDM model [33] to train document vectors. Then,
we take user representations as features for SVM-based
classification.

HN-ATT s a hierarchical attention network for document
classification, which has been proven to be effective in
various text classification tasks [12].

CNN-GRU first learns sentence representations using
convolution neural network and then encodes semantics
of sentences in high-level representations with a gated
recurrent neural network [42].

KNN trains a K-nearest neighbor (KNN) algorithm with
handcrafted features. We set the parameter £ as 20 and
use the same feature set as Feature-based XGboost.

XGBoost trains an XGBoost classifier [47] with hand-
crafted features. The model has been successfully used
by the teams in the competition. We implement the model
and upload our code on Github.*

HLT-HITSZ is the model by the champion team of
the SMP CUP 2016 competition. They handcrafted a
location-based lexicon and extracted 70 features based
on the lexicon integrated with graph embedding-based
features. The SVM-based stacking model is adopted to
obtain the final outputs.

DUTIR-TONE is the model by the second place team of
the SMP CUP 2016 competition. They use text features,
temporal features and handcrafted location lexicon-based
features. An ensemble of several full-connection neural
networks using KNN is adopted for model stacking to
obtain the final outputs.

TA-NN is the proposed model in “User Attribute Clas-
sification Based on Text Attention”, which only uses
text information with the attention mechanism. We use
TA-NN as a single model for user attribute classification.

SA-NN s the proposed model in “User Attribute Classi-
fication Based on Text and Social Network Attention”,

3https://radimrehurek.com/gensim/
“https://github.com/liyumeng/SmpCup2016

which uses text and social network information with the
attention mechanism. We apply SA-NN as a single model
for user attribute classification. The parameters of our
models are shown in Table 4.

SA-NN-Ensemble is our ensemble model. Both of the
top two winner teams in SMP CUP 2016 competition
used the timestamp of microblogs to capture the activity
schedules of users for more useful information. The final
performance is then enhanced by an ensemble of various
models. We follow the ensemble method using our text
and social attention model integrated with KNN and
temporal features.

We report the experimental results of all models in
Table 5. The table shows that the TA-NN model based
on text information achieves significant improvement
compared with other text-based models. For the models
based on text and social relation information, KNN and
XGBoost improve the performance of text-based models,
and the proposed SA-NN model further enhances the
performance with an improvement in terms of classification
accuracy by 5.49%. The reason is that the proposed
model incorporates text and social relation information
simultaneously for comprehensive user representations.
The two proposed models, as single models, significantly
improve the attribute classification performance without
lexicon or handcrafted features, and the models even
outperform certain ensemble models. It benefits from the
automatically generated features using word embedding
and network embedding with the convolution attention
neural network. Our ensemble model SA-NN-Ensemble
achieves the best performance using a SA-NN model with
temporal features, which demonstrates the effectiveness of
the proposed model.

Effects of Attention Layers

In this section, we replace the two proposed attention layers
with average pooling or max-pooling layers to demonstrate
the effectiveness of the attention layers, respectively. The
experimental results are presented in Table 6.

Table 6 shows that the word-level attention layer
increases the accuracy by 10.73% compared with the
average pooling layer. The text-level attention layer

Table 6 Comparison of two-level attention layers

Word level Text level Accuracy (%)
Mean pooling Attention 58.54
Attention Max pooling 64.48
Attention Mean pooling 67.34
Attention Attention 69.27

@ Springer
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Table 7 Comparison of the text attention and social network attention
in terms of accuracy

Attribute Text attention (%) Social network attention (%)
Gender 87.42 87.42
Age 65.24 65.56
Geography 69.27 71.94

increases the accuracy by 2.03% compared with the average
pooling layer. The two-level attention layers achieves the
best performance. It indicates that the attention layers
are useful in user attribute classification; meanwhile, the
word-level attention layer is more useful than the text-
level attention layer. The reason is that users with more
microblogs are modeled accurately with abundant text by
different layers. In contrast, users with less microblogs
cannot be well modeled with average pooling, and the
attention layer is able to weight different microblog vectors
for better performance.

Effects of Text Attention and Social Network
Attention

We compare the effects of text attention and social network
attention model in three different user attribute classification
tasks in Table 7. The results indicate that the social network
attention improves the accuracy by 2.67% in the geography
classification task and improves the accuracy by 0.32%
in the age classification task. However, it has no effect
in the gender classification task. That means that users
in the same area or in similar social network structures
are more likely to establish social relationships; users
in the same age group are relatively easy to establish
social relationships. However, gender attributes have little

influence in establishing social relationships. This finding
is consistent with our intuition. For those user attributes
influenced by social relations, the proposed model can
combine social network vectors to further improve the
classification accuracy.

Visualization of Attention

Our social attention neural network model can capture the
important words under different attribute labels. We take the
geography classification task as an example in Table 8. The
table lists the five most important words of the attention
layer and their corresponding attention weight w{ in each
category of geographical labels. The weights are calculated
as follows.

dj
PO 2 F Lo 20
wiC: Z]eczc.l wi (10)
di
Z¢ = E E adjawji (11)
ieM jec

where w{ is the weight of the word w; in the attribute tag
c. agj is the weight of the current microblog d; in all the

microblogs of the user. ai’i is the weight of the word w; in
the microblog d;. z¢ is the normalization factor of the word
in the attribute tag ¢, and M is the number of words in the
vocabulary.

Table 8 shows that most attentional words are in cities
or provinces belonging to the target region. The proposed
model can automatically discover the geographical relation-
ships between cities or provinces and their corresponding
regions, even though the training set with only regional
labels does not contain any specific cities or provinces. In
addition, our model can automatically extract local dialects.

Table 8 The top 5 words weighted by attention layers in each label of the geography attribute

Northeast North Central East

Shenyang 5.6 Beijing 6.7 Wuhan 4.7 Shanghai 55
Ha’erbin 3 Tianjin 1.8 Zhengzhou 3.8 Beijing 0.82
Dalian 2.4 Shijiazhuang 1 Hubei 1.7 Jiangsu 0.7
Changchun 2.1 Shenyang 0.52 Changsha 0.7 Nanjing 0.6
Liaoning 1.2 Shanghai 0.42 Beijing 0.72 Hangzhou 0.5
Northwest Southwest South Overseas

Xi’an 11 Chengdu 6 Guangzhou 3 Korea 3.6
Lanzhou 32 Chongging 3 Shenzhen 2.3 Xi’an 1.57%
Shanxi 2 Sichuan 2.8 Wu 0.8 Shenyang 1.49%
Yinchuan 1 Kunming 1 Ghuangdong 0.8 Geshen 0.952
Xinjiang 0.7 Guizhou 0.7 Dongguan 0.7 Guangzhou 0.922

The number after each word is the weight in percentage. The words followed by #are those cities not belonging to the geographical label

@ Springer
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Table 9 Examples in attention
network model User ID Microblog contents
1 ANFLEX A EEHRIEIE? F AR
Don’t know if there is Luwak Coffee in the neighborhood? I am at YanJiang Street.
2 BRI Bt R R
Railway Construction in Hunchun Section is a bit slow.
3 FIEAENIT I )1 & T 3% @DITN /N2 T EFF I B Ak 2

I’'m listening to the Fortune Plaza Program which is presented by DJ Yu of Sichuan
Fortune Plaza Radio Station.

For example, the proposed model extracts “Wu” in Can-
tonese commonly used under the geographical label “South
China.” Highly frequent city names, such as “Beijing” and
“Shanghai,” obtain more attention under their own regional
label than under other labels. The label “overseas” are
designated to users who do not have any geographical infor-
mation. As a result, there exist many noises under this label.
The attention-based model can still find the representative
word “Korea” for the label “overseas.”

Table 9 provides an example of three users and their most
representative microblog identified by the proposed model.
The total number of microblogs for each is approximately
80. The attention word in each microblog is marked in bold.
It shows that the proposed model selects the most relevant
microblog with the geographical information from a large
number of microblogs. Although the dataset only contains
regional labels, the proposed model learns the provinces
and cities within the labeled region, particularly focusing on
fine-grained geographical information, such as the names of
streets and roads.

Conclusion

In this paper, we propose an end-to-end neural network
model with a convolution attention mechanism based
on text and social relation information. To capture
the semantic information of social media users, the
model automatically extracts important words and valuable
microblogs without handcrafted features for different
attribute classification tasks. User representations are
enriched by social relation information and an attention
neural network. Extensive experiments are conducted
to examine the effectiveness of the proposed model.
Experimental results demonstrate that the proposed model
reduces manual labor in handcrafted features, outperforms
state-of-the-art models, and significantly improves accuracy
in three user attribute classification tasks.

Our future work will be carried out in two respects.
We will investigate extra social behaviors characterized by
the label “message” or the character “@” for better user
profiling in social media. We will also explore using the

text and social network attention to model hierarchical user
attributes that can be merged and cluster unknown user
attributes.
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