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Abstract. Online news platforms have attracted massive users to read
digital news online. The demographic information of these users such
as gender is critical for these platforms to provide personalized services
such as news recommendation and targeted advertising. However, the
gender information of many users in online news platforms is not available. Fortunately, male and female users usually have different pattern
in reading online news. Thus, the news browsing data of users can provide useful clues for inferring their genders. In this paper, we propose a
neural gender prediction approach based on the news browsing data of
users. Usually a news article has different kinds of information such as
title, body and categories. However, the characteristics of these components are very different, and they should be processed differently. Thus,
we propose to learn unified user representations for gender prediction by
incorporating different components of browsed news as different views
of users. In each view, we use a hierarchical framework to first learn
news representations and then learn user representations from news representations. In addition, since different words in news titles and bodies
usually have different informativeness for learning news representations,
we use attention mechanisms to select important words. Besides, since
different news articles may also have different informativeness for gender
prediction, we use news-level attentions to attend to important news articles for learning informative user representations. Extensive experiments
on a real-world dataset validate the effectiveness of our approach.
Keywords: Gender Prediction · News Browsing · Multi-view Learning
· Attention Mechanism
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Introduction

Online news platforms such as Google News have attracted massive users for
online news reading [4]. The demographics of users such as gender are very important for these platforms to provide personalized services to their users [3].
For example, with the gender information of users, online news platforms can
make more personalized new recommendations to them [23], e.g., recommending
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Title

Body
Harden Grills The Grizzle The 2006 NBA Finals
Reenactors, aka The Memphis Grizzlies, have fallen on
New Year's Eve to James Harden and The Rockets...
More than 60 people have died after a powerful storm
Philippines 'caught
struck the Philippines, with locals reportedly taken by
out' by deadly storm surprise by its strength. Storm Usman hit the Bicol region
southeast of capital Manila on Saturday...
You've probably come across the list of closet staples that
8 Items Every
every woman just has to own dozens of times. But we
Women Should Have
always find ourselves asking: Does every woman really
in Her Closet in 2019
need a trench coat?...

Rockets End 2018
With A Win

Category
sports

Weather

lifestyle

Fig. 1. Several example news articles browsed by a female user and a male user. Important words are highlighted using color bars.

NBA news to male users and fashion news to female users. In addition, advertisers can display their ads to users on news platforms more effectively [22]. For
example, advertisers can display ads of dress and makeups to female users, and
ads of shaver and tie to male users. Without the gender information of users,
advertisers may display the ads of dress to both female and male users, which
may be less effective [29]. Thus, the gender information of users is critical for
news platforms to provide personalized services [15].
However, the gender information of many users in online news platforms is
not available, making it difficult to provide personalized services for them [24].
Luckily, many users click and browse news articles displayed on these platforms,
and there are usually some differences in news reading patterns between male
and female users. For example, as illustrated in Fig. 1, a female user may browse
a news article about dressing fashion styles, while a male user may browse a
news article about NBA. Thus, the news browsing data of users can provide
useful clues for inferring their genders. In this paper, we explore the problem of
gender prediction of users on news platforms based on their browsed news.
Our work is inspired by several observations. First, a news article usually
contains different kinds of information such as title, body and topic categories,
which are all useful for inferring the gender of users. For example, as shown in
Fig. 1, the title of the third news indicates that this news is about fashions,
and the body of this news contains the details. Moreover, the topic categories of
news articles are also informative for gender prediction. For instance, if a user
frequently browses news about lifestyles and fashions but rarely browses sports
news, then we can infer this user is probably a female user. Thus, incorporating
different fields of news has the potential to learn more accurate user representations for gender prediction. Second, the characteristics of different news fields
are very different. For example, news titles are usually short and concise sentences, while news bodies are usually long documents with detailed information,
and topic categories are usually tags. Thus, they should be handled differently.
Third, different words in the same news usually have different informativeness
in learning news representations . For example, in Fig. 1 the word “Woman”
is more informative than the word “2019” for learning informative news representations. In addition, different news articles browsed by the same user may
also have different informativeness in learning user representations for gender
prediction. For example, the third news in Fig. 1 is more informative than the
second news in inferring the gender of this user.
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In this paper, we propose a neural gender prediction approach to infer the
genders of online news platform users from their news browsing data. In our approach, we propose to learn unified user representations via a multi-view learning
framework from the titles, bodies and topic categories of their browsed news articles as different views of these users. In each view, we use a hierarchical model to
first learn hidden news representations, and then learn user representations from
representations of browsed news. In addition, since different words in the same
news title or body usually have different informativeness in representing this
news, we apply attention mechanism to select important words. Besides, since
different news articles may also have different informativeness in learning user
representation for gender prediction, we apply news-level attention networks in
each view to select important news articles. Extensive experiments are conducted
on a real-world dataset, and the results show that our approach can achieve satisfactory performance in predicting the genders of online news platform users
and consistently outperform many baseline methods.

2

Related Work

User demographic prediction is an important task in both natural language
processing and data mining fields, and has attracted wide attentions in recent
years [12]. Existing user demographic prediction methods are mainly based on
online behaviors and user generated content such as blogs, forum posts and social
media messages [25, 19, 14, 17, 8, 6, 16, 31, 18, 13, 11]. For example, Rosenthal and
McKeown [25] proposed to use logistic regression to infer user ages from blogs.
They used many kinds of features including blog content features, stylistic features, behavior features and user interest features. Nguyen et al. [17] proposed
to use linear regression with Lasso regularization to predict user ages. They used
several different kinds of texts, such as blogs, forum posts and transcribed telephone speeches to build user representations. Peersman et al. [19] applied SVM
to predict genders of Twitter users based on word n-gram and character n-gram
features extracted from their tweets. However, these methods cannot effectively
utilize contextual information. In addition, these methods cannot distinguish
informative contexts and records from uninformative ones.
In recent years, several deep learning based methods have been proposed for
user demographic prediction [31, 28, 5, 27, 5, 26, 1, 2, 29]. For example, Zhang et
al. [31] used LSTMs to predict the genders and ages of social media users based
on their microblogging messages, retweeted messages, comments from others
and the comments to others. Wang et al. [28] proposed a CNN based method to
jointly predict the ages and genders of social media users based on their messages
in a collaborative manner. Wu et al. [29] proposed a hierarchical user representation model to predict the ages and genders of users in commercial search
engines based on their search queries. Different from these methods which rely
on blogs, social media data or search queries, our approach predicts the genders of users on news platforms based on their news browsing data. In addition,
existing methods for demographic prediction usually aggregate different kinds
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Fig. 2. The framework of our approach.

of user information together and ignore the differences of their characteristics,
which may be suboptimal for user demographic prediction.
There are only a few approaches to predict user demographics based on news
browsing data [8, 21]. For example, Phuong et al. [21] proposed to use SVM to
predict genders of users based on their news website browsing histories. They
used various hand-crafted features such as news categories, topic features extracted by LDA, access time, and sequential features extracted by webpage kgrams. However, these methods cannot effectively utilize the contexts and orders
of words in news, which are very important for gender prediction. Different from
all the aforementioned methods, our approach predicts the genders of users on
news platforms based on their news browsing use a multi-view learning framework to learn unified user representations by regarding different kinds of news
information as different views of users. Experiments on benchmark dataset show
our approach can outperform these baseline methods.

3

Our Approach

In this section, we introduce our approach in detail. There are two major modules
in our model. The first one is user representation. which learns representations
of users from their browsed news. The second one is gender classification, which
classifies the genders of users according to their representations. In the user
representation module, we use a multi-view learning framework to learn unified
user representations by incorporating news titles, bodies and topic categories as
different views of users. The framework of our approach is shown in Fig. 2.
3.1

User Representations from Title View

The first view in the news representation module is title-based user representation. It is used to learn representations of users from the titles of their browsed
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news. In this module, we first use a word encoder to learn title representations
from words, and then use a title encoder to learn title-based user representations
from news titles. As shown in Fig. 2, there are three layers in the word encoder.
The first one is word embedding. It is used to convert a news title with M
t
words from a word sequence [w1t , w2t , ..., wM
] into a vector sequence [et1 , et2 , ..., etM ].
The second layer is a convolutional neural network (CNN) [9]. Local contexts
within a news title are very important for understanding this news. For example,
in the title of the first news in Fig. 1, the local contexts of “deadly” such as
“storm” is very useful for learning accurate representations of this title. Thus,
we employ a CNN network at word-level to learn contextual word representations
by capturing local contexts. It takes the aforementioned embedding sequence as
input, and outputs a contextual word representation sequence [ct1 , ct2 , ..., ctM ].
The third layer is a word-level attention network. Usually, different words
in the same news title may have different informativeness in representing this
news. For example, in the title of the third news in Fig. 1 the word “woman”
is much more informative than “Items” for learning gender discriminative news
representations. Thus, we propose to apply attention mechanism at word-level
to select important words for learning informative news representations. The
attention weight αit of the i-th word in the same news title is formulated as:
exp(ati )
,
ati = qt × tanh(Ut × cti + ut ), αit = PM
t
j=1 exp(aj )

(1)

where Vt and vt are linear transformation parameters, qt is the attention query
vector. The final title representation is the summation of theP
word contextual
M
representations weighted by their attention weights, i.e., rt = j=1 αjt ctj .
In the title encoder module, we learn title-based user representations based
on the representations of browsed news titles. The titles of different news usually have different informativeness for learning user representations for gender
prediction. For example, the title of the first and third news are very informative
for learning gender discriminative user representations, while the second news is
uninformative since it is widely browsed by both male and female users. Thus,
we propose to use a news-level attention network to select important news for
learning informative user representations. Denote the attention weight on the
title of the i-th news browsed by a user as βit , which is calculated as follows:
exp(bti )
bti = vt × tanh(Wt × rti + wt ), βit = PP
,
t
j=1 exp(bj )

(2)

where P is the number of browsed news, Wt , wt and vt are parameters. The final
representation of a user in this view is the summation
PP of the title representations
weighted by their attention weights, i.e., ut = i=1 βit rti .
3.2

User Representations from Body View

The second view is body-based user representation, which is used to learn user
representations from the bodies of browsed news.
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Similar with the title view, there are also two major components in this view,
i.e., a word encoder to learn body representations from words, and a body encoder
to learn user representations from news bodies. The word encoder also has three
layers, i.e., a shared word embedding layer to convert the word sequence (denoted
b
as [w1b , w2b , ..., wN
], where N is the number of words) of a news body into a vector
sequence, a word-level CNN network to learn contextual word representations
(denoted as [ct1 , ct2 , ..., ctM ]) by capturing local contexts in news bodies, and a
word-level attention network to select important words for learning informative
representations of news bodies. Denote the bodies of the news browsed by users
as [b1 , b2 , ..., bP ]. We apply the word encoder in this view to each body to obtain
the hidden representation sequence [rb1 , rb2 , ..., rbP ] of news bodies.
The body encoder is used to learn representations of users from the body
representations of their browsed news. Different news bodies may also have different informativeness for learning user representations for gender prediction.
For example, the body of the first news in Fig. 1 is more informative than the
second one in inferring the gender of a user. Thus, we apply a news-level attention network to select important news based on their body representations.
Denote the attention weight of the i-th body as βib , which is computed as:
exp(bbi )
,
bbi = vb × tanh(Wb × rbi + wb ), βib = PP
b
j=1 exp(bj )

(3)

where vb , Wb and wb are parameters. The final news body based representation
of a user is the summation of the P
contextual body representations weighted by
P
their attention weights, i.e., ub = j=1 βjb rbj .
3.3

User Representations from Category/Subcategory View

The third view is category-based user representations, which is used to learn user
representations from the topic categories of browsed news. On many online news
platforms such as MSN News, a news article is classified into a general topic category (e.g., “sports”) and a finer-grained subcategory (e.g., “basketball nba”)
to target user interests more effectively. Usually, news categories are important
clues for gender prediction. For example, news articles about fashions are more
likely to be clicked by female users than male users. Thus, we propose to incorporate the categories and subcategories of news to learn gender discriminative
user representations. There are three layers in this module.
The first one is category/subcategory embedding. Denote the input category
ID sequence as [v1c , v2c , ..., vPc ] and the subcategory ID sequence as [v1s , v2s , ..., vPs ].
We use a category/subcategory embedding layer to convert the sequences of
discrete category and subcategory IDs into sequences of low-dimensional vectors,
which are respectively denoted as [ec1 , ec2 , ..., ecP ] and [es1 , es2 , ..., esP ].
The second one is a dense layer. It is used to learn hidden representations of
categories and subcategories as follows:
rci = ReLU(Wc × eci + wc ), rsi = ReLU(Ws × esi + ws ),

(4)
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where Wc , wc , Ws and ws are linear transformation parameters.
The third one is a news-level attention network. Different categories and subcategories usually have different importance for gender prediction. For example,
the news in the “sports” category is more informative than the news in the
“weather” category, since the latter one is usually browsed by both male and
female users. Thus, we apply a news-level attention network to select important
news according to their topic categories. Denote the attention weight of the i-th
topic category as αic , which is calculated as:
exp(aci )
,
aci = qc × tanh(Vc × rci + vc ), αic = PP
c
j=1 exp(aj )

(5)

where qc , Vc and vc are parameters. The category based user representations are
the summation of the hidden
PP category representations weighted by their attention weights, i.e., uc = j=1 αjb rcj . The subcategory based user representations
us can be computed in a similar way. The final unified user representations is
the concatenation of the user representations learned from different views, i.e.,
u = [rc ; rsc ; rt ; rb ].
3.4

Gender Classification

The gender classifier is used to predict the probability ŷ of a user in different gender categories from his/her representations, which is computed by:
ŷ = sof tmax(Wy × u + wy ), where Wy and wy are parameters. The loss function we use is cross entropy, which is formulated as follows:
Ng Kg
1 XX
L=−
yi,k log(ŷi,k ),
Ng i=1

(6)

k=1

where Ng is the number of user with gender labels, Kg is the number of gender categories, yi,k and ŷi,k respectively denote the ground-truth and predicted
probability of the i-th user in the k-th gender category.

4

Experiments

4.1

Datasets and Experimental Settings

Since there is no off-the-shelf dataset for news based gender prediction study, we
built one by crawling 10,000 users from MSN News3 . Among them, the gender
information of 4,228 users is available which were used for our experiments. We
also collected their news browsing histories in a month, i.e., from Dec. 13, 2018
to Jan. 12, 2019. The statistics of our dataset are shown in Table 1. We randomly
sampled 80% of users for training, 10% for validation, and 10% for test.
3

https://www.msn.com/en-us/news
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# male users 2,484 avg. # words per news title 11.29
# female users 1,744 avg. # words per news body 730.72
# categories
15
# subcategories
284
Table 1. Statistics of our dataset.

In our experiments, we used the 300-dimensional pre-trained Glove embedding [20] to initialize the word embeddings. The CNN networks had 400 filters,
and their window size was 3. The dimensions of attention query vectors were 200.
The optimizer we used was Adam [10]. We added 20% dropout to each layer.
The batch size was set to 50. These hyperparameters were tuned on the validation set. We independently repeated each experiment 10 times and reported the
average results in terms of accuracy and macro F1-score.
4.2

Performance Evaluation

We evaluate the performance of our approach by comparing it with several baseline methods, including: (1) LinReg [17], linear regression with Lasso regularization. (2) SVM [19], support vector machine; (3) LR [25], logistic regression; (4)
CNN [9], convolutional neural network. (5) LSTM [7], long short-term memory
network. (6) CNN-Att, CNN with attention mechanism. (7) LSTM-Att, LSTM
with attention mechanism. (8) HAN [30], a hierarchical attention network for
document classification. (9) HURA [29], a hierarchical attention network for
document classification. (10) Ours, our neural gender prediction approach with
news browsing data. In traditional methods (1-3), we used features including
news category/subcategory IDs and TF-IDF features extracted from news titles
and bodies as the input. In baseline methods based on neural networks (4-9), we
used the combination of news titles, bodies, categories and subcategories by aggregating them into a long document. The results of these methods are reported
in Table 2. According to the results, we have several observations.
First, the methods based on neural networks outperform traditional methods
such as SVM, LR and Linreg. This is probably because neural network based
methods can learn more accurate user representations for gender prediction. In
addition, traditional methods usually rely on bag-of-words features, while the
contexts and orders of words cannot be fully captured. Second, the methods using attention mechanism usually outperform the methods without mechanism.
This is probably because different words and news usually have different informativeness for learning user representations, and selecting important contexts
in news can benefit user representation learning. Third, the methods based on
hierarchical models (HAN, HURA and Ours) outperform methods based on flatten models (e.g., CNN-Att and LSTM-Att). This may be because learning user
representations in a hierarchical manner can utilize the document structures
of news, which can benefit news and user representation learning. Fourth, our
approach can outperform other baselines such as HAN and HURA. This is probably because different kinds of news information have different characteristics,
and aggregating different news fields is usually not optimal. In our approach we
use a multi-view learning framework to incorporate titles, bodies and categories
as different views of news, which can learn better user representations.

Neural Gender Prediction from News Browsing Data
Method
Linreg [17]
SVM [19]
LR [25]
CNN [9]
LSTM [7]
CNN-Att
LSTM-Att
HAN [30]
HURA [29]
Ours*

25%
Accuracy
Fscore
63.89±1.14 62.54±1.19
66.10±0.78 64.98±0.79
65.26±0.61 63.89±0.63
66.22±0.87 65.33±0.89
66.11±0.74 65.05±0.75
66.84±0.68 65.76±0.70
66.57±0.73 65.44±0.77
67.22±0.58 65.89±0.60
67.95±0.64 66.66±0.66
70.03±0.53 68.89±0.55

50%
Accuracy
Fscore
65.16±1.21 63.86±1.22
66.85±0.82 66.23±0.84
66.43±0.66 65.67±0.67
67.35±0.77 66.78±0.77
67.23±0.61 66.71±0.62
68.01±0.62 67.26±0.62
67.67±0.64 67.01±0.65
68.54±0.47 68.03±0.49
69.77±0.52 68.89±0.55
71.28±0.41 70.78±0.42
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100%
Accuracy
Fscore
66.22±1.22 65.37±1.24
67.26±0.88 66.89±0.90
67.33±0.71 66.84±0.72
68.12±0.66 67.68±0.68
67.99±0.54 67.60±0.55
68.79±0.53 68.32±0.55
68.45±0.56 68.03±0.57
69.88±0.42 69.67±0.44
70.45±0.41 70.01±0.43
72.25±0.37 71.89±0.39

Table 2. The performance of different methods under different ratios of training data.
*Our approach v.s. baselines significantly different at p < 0.01.
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(a) Effectiveness of multi-view learning. (b) Effectiveness of attention networks.
Fig. 3. Effectiveness of the multi-view learning framework and attention networks.

4.3

Model Effectiveness

In this section, we will explore the effectiveness of different components of our
approach. First, we want to verify the effectiveness of multi-view learning framework in our approach. We compare the performance of our approach and its
variants with different combinations of news views, and the results are shown in
Fig. 3(a). According to Fig. 3(a), we have several observations. First, we find the
category view or subcategory view are very important for our approach. This is
intuitive because the topics of news browsed by male and female users usually
have huge differences. Thus, incorporating the information of news topic categories can learn more gender discriminative user representations. In addition, we
find the model with the subcategory view slightly outperform that with the category view. This may be because subcategories usually contain finer-grained topic
information than categories. Second, the model with the body view can achieve
better performance than that with the title view only. This is probably because
news bodies usually contain the details of news, which can provide richer information than news titles for learning informative news representations. Third,
combining all four views can further improve the performance of our approach.
These results validate the effectiveness of our multi-view learning framework.
Then, we conducted experiments to validate the influence of the word-level
and news-level attention mechanism on our approach. The performance of our
approach and its variant with different combinations of attention networks is
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Category
autos
sports
Male
weather
food&drink
weather
lifestyle
lifestyle
Femal
health
e
food&drink
tv

Subcategory
autossports
football_nfl
weathertopstories
tips&tricks
weathertopstories
lifestylefashion
lifestylefashion
healthosteoporosis
recipes
tvoscars

Title
The 2020 Toyota Supra Is Here and It Looks Glorious
Steelers - Patriots NFL Week 15 : What You Need To Know
Fast - moving snowstorm to hit Maine , NH at rush hour
12 Steak Marinades Every Carnivore Needs
Heavy rains cause river and street flooding in mountains and foothills
Amy Schumer 's new clothing line is about helping women feel comfy and confident
31 Outfit Ideas to Start the New Year in Style
40 health concerns women should watch out for after 40
31 of the most beautiful pie crusts and tips to make them
Kevin Hart Confirms He 's Hosting the 2019 Academy Awards

Fig. 4. Visualization of the word- and news-level attention weights on the titles, categories and subcategories of several news browsed by a randomly selected male and
female users. Darker colors represent higher attention weights.

shown in Fig. 3(b). From Fig. 3(b), we have several observations. First, the
news-level attention network has an important impact on our approach. This is
probably because different news usually have different informativeness for learning user representations, and selecting important news can benefit user representation learning. Second, the word-level attention networks are also important
for our approach. This is probably because different words usually have different
informativeness for learning informative news and user representations for gender prediction, and our approach can attend to important words in news titles
and bodies. Third, combining both kinds of attention networks can further improve the performance of our approach. These results validate the effectiveness
of attention mechanism in our approach.
4.4

Visualization of Attention Weights

In this section, we will visually explore the effectiveness of the word-level and
news-level attention mechanisms in our approach. The visualization results of
the attention weights on news titles, categories and subcategories are shown in
Fig. 4. From Fig. 4, we have several observations. First, we find the attention
network can effectively recognize important words within news titles. For example, the words “Toyota” and “NFL” are assigned high attention weights, since
these words are very informative for learning gender discriminative news and
user representations, while the words such as “2020” and “Week” are assigned
low attention weights since they are less informative. These results show that
our approach can learn informative news representations by selecting important
words. Second, we find our approach can effectively recognize important news
according to their categories and subcategories. For example, the news in the
“autos” and “lifestyles” categories are gained more attentions than those in the
“weather” and “food&drink” categories. These results show that our approach
can learn informative user representations by modeling the importance of different news topics for gender prediction. Third, we find approach can help learn
more informative user representations by selecting news according to their title
representations. For example, the news of “40 health concerns ...” is very informative for inferring the gender of users. However, the topic categories of this
news are not very gender discriminative, and the category/subcategory views fail
to recognize this news. Fortunately, our approach can still highlight this news by
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utilizing the content of news title, which is useful for learning more informative
user representations. These results validate the effectiveness of the word- and
news-level attention networks in our approach.

5

Conclusion

In this paper, we propose a neural gender prediction approach to infer the genders
of online news platform users from their news browsing data. In our approach,
we use a multi-view learning framework to incorporate different kinds of new
information such as title, body, category and subcategory as different views of
users to learn accurate user representations for gender prediction. In addition,
since different words and news usually have different informativeness for gender
prediction, we apply attention mechanism at both word and news levels to select
important words and news articles for user representation learning. Extensive
experiments on a real-world dataset validate the effectiveness of our approach.
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