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Introduction

Major media press tend to hold attitudes for or against specific political parties, which are
reflected in their news articles. As part of the general audience, we often find it difficult to
distinguish which press and articles are biased while reading news articles. In the political
domain, the media bias can range from selectively highlighting some events and leaders to
focusing on facts advantageous for a particular party while ignoring those might hurt the
public image of that party. For example, an article might purposely leave out certain context
and make ambiguous assumptions to mislead the public audience.

It is very costly to manually debiasing a news article in terms of time, effort, and the
amount of background knowledge required, but most of the time, we still want an unbiased
analysis of a major incident such as presidential debate and candidate speech in important
states. One solution to this problem is to use Natural Language Processing(NLP) techniques to
automate the process of detecting bias in news articles. However, this task is very challenging
due to the special nature of politically-biased news articles. Such biased articles are always
written with extra care and attention from the authors since they want them to be biased in a
subtle way such that it is sufficient to influence the mindset of the readers while not so
obviously biased which will have the opposite effect.

Motivation

An interesting but sometimes ignored fact about reading those articles is that the readers
usually read the headline first, and then finish the body of the article with that headline
embedded in their mind throughout the whole process, which gives the headline of an article
significant importance in terms of implanting biased terms and phrases. Apart from the
headline, certain words in the body can be counted as keywords that have a larger weight to
affect the objectivity of the reader than some other words. Therefore, it might be more
beneficial to dig into the headline of an article as well as those keywords rather than focusing
on every word with similar weight.

Background
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This problem can be formulated as a text classification problem, where given a text, in this
case a headline plus the article document, we want to classify it into one of the categories of
our interests. Specifically in the political domain, one possible way to formulate is to treat
political parties as different categories and classify a given article as biased towards one of
the parties.

Word Embeddings

A common way to represent the words in natural languages in a way that machines can
“understand” and process them is to use a technique called word embeddings. Simply put,
given a sequence of words, we want to embed those words in a different format, usually in
vector form or simply real numbers. The intuition is that words are in a high dimension where
it is difficult to work in directly, and thus we want to reduce them to a low dimension vector
space, or feature space where only related features of words are processed to reduce
computational complexity. Traditional methods include dimension-reduction on co-occurrence
matrices, probabilistic models, etc. But more recently, neural-network based approaches such
as encoder-decoder or just a multi-layer perceptron have taken the lead and become the most
popular choice in doing this task.

Text classification

Generally speaking, text classification problems can be split into two steps: extracting useful
features and maximizing the classification margin based one those features. Some popular
choice of classifiers with their choice of features include:

Naive Bayes classifier

In the most basic setting, naive bayes classifiers assume independence of each word or
word features and take a probabilistic approach to classification with TFIDF score of each
word as a common choice of features. It might not be as accurate for some tasks due to the
Bag-of-Words assumption and context-independence assumption, but it achieved high
performance in early days particularly for spam detection.

Support Vector Machine (SVM) classifier

SVM-based classifiers take an optimization approach with the objective of minimizing a
max-margin or hinge loss and has proved its strength in domains such as text classification as
well as image classification. Specifically in the NLP domain, some common choices of features
include TFIDF score and N-gram models.

Neural Network methods

NN methods gained significance in recent years along with the development of deep
learning. One major advantage is that recurrent architectures are claimed to capture the
temporal information in a sentence or a text document which is difficult to collect with other
traditional approach. Given the fact that understanding the semantic or pragmatics of a
specific word often requires specifying the context that word or an entire sentence is in,



which sometimes is built on top of information provided at the very beginning of the
document. Therefore, it is essential to record the history as well as the temporal identifiers
for the correct context-dependent semantic of a word. Examples of such networks include
LSTM and GRU. Later, some architectures, such as BERT, are proposed to also capture the
information in the future sentences. We will leave the details out for the current discussion.

Model

Back to political bias detection, we formulate the problem formally as follows. Assume an
article has T words, with w, representing the i-th word in the article where i € [1, T]. Similarly,
assume there are H words in the headline, with q; representing the i-th word in the headline
wherei € [1, H].

The authors present a novel neural network architecture named Headline Attention
Networks (HAN), which consists of several parts: a headline encoder, an article encoder, and a
headline attention layer. The entire architecture is described in the below image:

HEADLINE
ARTICLE

Headline Encoder
x; = Weqi,i € [1, H|
R, = LOTM (z;)i € [1, H]
by = E8TM (2:)i € [H, 1]

Given the headline of an article with words, q; (i € [1, H]), the authors first embed all
words into vectors using an embedding matrix W, : x, =W .q, then use LSTM to generate a

hidden representation, h; for each word. An important note here is that two LSTMs are used:
one for forward embedding and the other for backward embedding, with similar intuition as
BERT that the context obtained from forward and backward directions can be enclosed in the



generated hidden embedding. Therefore the headline of an article will be represented as a
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tuple of two vectors: Q=[h_’ hul , Where the two vectors are concatenation of the forward
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vectors % and backward vectors ' , respectively.

Article Encoder

XTr; = We'wi,z' € [1,T]

R, = LSTM (z;),i € [1,T]
h; = LSTM (:),i € [T 1]

The Article encoder has essentially the same motivation with the Headline Encoder, by
first embedding the words into a lower-dimensional embedding using traditional word
embeddings techniques, and then use two LSTMs from two opposite directions to incorporate
bi-directional contextual information. The only difference with the Headline Encoder is that
the resulting encodings for Article Encoder are per word, i.e. the annotation of word w; is

=
represented as hi_[hi’E] .

Headline Attention Layer

This layer is an additional layer essentially designed for identifying keywords in the
article that represent similar attitude as specified in the headline. Before any input is passed
to this layer, the headline embedding is again embedded into another representation U. Then
each hidden word representation h; is compared to the hidden headline embedding to
compute a similarity score which is then used to compute the bias of each word towards a
specific category.

The hidden representation of each word h; is first transformed into u;,, another layer of
embedding, as

u; = tanh(Wyh; + by)

which is dotted with the hidden headline matrix U in the softmax-like way as
exp(ul .U)
> exp(ul.U)

And the hidden representation of the amount of bias can be expressed as a weighted
sum of all words based on their importance weights:

v =Zozih¢-

; —



Output

The final prediction is given as the output of the final layer of the entire HAN
architecture with softmax applied:

p = Softmax(W_ v + b,)

The loss used to train the network is the negative log-likelihood of the correct labels;
in other words, how much data can the prediction explain the ground-truth assignment:

L=-) Log(pa)
d

where iis the label of document d.

Results

The dataset used for in this paper is created and annotated by the authors, and data sources
are various Telugu newspapers. There are 1329 new articles in total in the dataset, all
annotated manually by the authors themselves. This step might have already introduced bias
in the ground-truth data labels, but let's ignore that possibility for now for the sake of this
discussion.

The dataset is divided into three parts for experiments: headlines only, articles only,
and both. The authors have measured performance of the proposed with multiple baselines
including Naive Bayes and SVM-based approaches as well as deep learning methods including
traditional CNNs, branched CNNs, and LSTM/GRU. All experiments are done using 5-fold
cross-validation on the datasets. Results are summarized in the table below:

Methods Only Headline Only article Concatenation of headline and article Maximum

Naive Bayes+TFIDF+Unigrams 39 58 59 59
Naive Bayes+TFIDF+Bigrams 29 32 33 33
Naive Bayes+Bag-of-means 49 63 63 63
SVM+TFIDF+Unigrams 41 69 69 69
SVM+TFIDF+Bigrams 55 76 71 76
SVM+AverageSG 57 69 66 69

CNNs 80 80.5 81.7 81.7

Branched CNNs 83.33 84.52 84.6 84.6

LSTM 84 85.25 8532 85.32

GRU 81 82.7 82.7 82.7

Headline Attention Network without attention layer - - - 85.25

Headline Attention Network - - - 89.54

From the table, we can see that the proposed model outperforms the previous best
(LSTM) by 4.22%. An interesting fact to note is that the simple HAN without the attention
layer has similar performance as LSTM, which justifies the importance of the attention layer,
i.e. the keywords in the article body that are similar to the headline impose larger influence to
the readers in terms of the intended bias they carry.



A potential problem with the experiments is that all experiments are done on a
self-annotated dataset. To make the results more persuasive, it will be better to apply the
proposed method to some more popular and stable benchmark for political bias datasets.

Conclusion

The authors proposed a novel neural network architecture to detect political bias in news
articles. The problem itself is formulated as a multi-class classification problem. The main
contribution of the HAN architecture is the introduction of headline attention: extracting
keywords from the body of the article based on the similarity between each word and the
headline, with the intuition that the headline should impose the most amount of bias from
the perspective of the authors of the biased articles. The proposed model outperformed the
state-of-the-art model on a dataset created an annotated by the original authors of this paper.
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