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Abstract

Studying news events and user opinions towards the news events have
several applications, like detection of the popularity of the news, un-
derstanding user preferences and stance towards particular news, de-
termining the evolution of the news story, etc. One of the major ways
to understand a news event is through the main characters (targets)
of the event and the relationships among those targets with respect to
the news event. Therefore, in this paper, we propose an approach to
creating a signed network of the news event to visualize the targets
and their interrelationships. Our experimental evaluations on 3 news
events indicate that the proposed approach can detect a large number
of relevant goals related to any news event without supervision and,
further, create a signed network e↵ectively.

1 Introduction

With the growth of Twitter as a social media platform [WVG+16], a wide range of users are coming to this
platform for discussing and sharing their opinions on various events [KLPM10]. The impacts of the events vary
across users [SAMA17]; for example, the immigration policy reformulation by an government might directly im-
pact the people seeking refuge and indirectly a↵ect the economy of industries. Therefore, a proper understanding
of news events related opinions is very important and finds applications, such as in the identification of the pop-
ularity of a news article [CEHPS14, Cas13], identifying the stance of a user [LPRR18] towards a particular news,
summarizing users’ opinions [ZSAG12, OGZ+17], etc. However, there are inherent challenges in identifying the
user opinions relevant to a news event and further utilizing these user opinions for other applications, such as the
vast vocabulary gap between the news event and the tweets, short length of tweets, usage of informal vocabulary
and abbreviations [SAC+18, MCHV18]. Moreover, the user might not explicitly mention the news event name
in the tweet while expressing the opinion related to the news event, and understanding of the user opinions
related to a news event requires considering both the positive and negative interactions of the users towards the
news event [DWT18]. Thus, identifying and understanding of the users’ opinions from Twitter towards a news
event would be eased if prior knowledge of the news event 1 [SAMA17], possible targets related to the news
event 2 [MKS+16] and the polarity of the targets towards the news event are known.
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1
A news event is a collection of one or many news articles related to the same real-life event

2
A target may be a person, an organization, a government policy, a movement, a product related to the news event
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A signed network representation of the news event, where the nodes represent the possible targets related
to the news event and the news event, the edges represent the polarity relationship among the targets with
respect to the news event can provide as a prior knowledge base of the news event. This further can aid in
several applications, like identifying the stance [MSK17, Moh16] and bias of a user [DWT18] from his tweet
irrespective of the tweet text and absence of event name in the tweet, generating fair summaries of news events
by considering both negative and positive opinions of the readers towards the news event [DSB+19, JA18],
identifying the major aspects of the news event [VCLDD17, KWHR16], understanding of the evolution of a
news story [AKT18], etc. However, the creation of a signed network of a news event requires the resolution
of multiple sub-problems, like identifying the targets of the news event and the polarity relationship of the
targets with the news event. Although few existing research works discuss the significance of creating signed
networks from text [HAJR12, AKR13, SCM16], these works identify the polarity relationships between pre-
specified targets [HAJR12] or identify targets through degree and eigenvector centrality score [AKR13]. However,
identifying targets only through degree or eigenvector centrality score might not be able to cover the huge list
of possible targets related to the news event or identify the targets which comprise of multiple words. Further,
there is a significant di↵erence in content in news event-related information from the literary text and online
discussions. Therefore, it remains a challenge to build an approach to create a signed network of a news event
that can inherently identify the possible targets of a news event irrespective of the type of news event and number
of targets and determine the polarity relationships among the identified targets related to the news event.

In this paper, we propose a novel approach that utilizes the news articles of a news event to create a signed
network of the event where the nodes represent the entity names or phrases, and the edges represent the po-
larity relationship between a pair of nodes with respect to the news event. E↵ectively, the proposed intends
to resolve two sub-problems, i.e., identifying the targets and determining the polarity relationship between the
targets towards the news event. Existing research works on target identification from the text can be segregated
into supervised and unsupervised techniques based on their proposed methodology [HN14]. Although the ex-
isting supervised approaches might provide better performance than the existing unsupervised approaches, the
requirement of human-annotated information related to a news event makes it challenging to be used [KMKB13]
for news events. Existing unsupervised approaches can be segregated into graph-based and embedding based
approaches. The graph-based approaches either utilize the sub-group structure [TMV16] through k-truss, k-core,
k-clique or community substructures, centrality based techniques, like textrank [MT04] and position based page
rank [FC17]. However, our preliminary analysis indicates that the significance of a target of a news event is
independent of their position in the news article, and further, a target might comprise of multiple words. We
observed that centrality based measures fail to identify targets comprising multiple words and sub-group based
measures generate extensive noise. Therefore, in this paper, we propose a page rank score (PRS) based edge
traversal approach to identify the relevant targets related to a news event. Our experimental evaluation indicates
that the proposed approach can identify targets of a news event irrespective of the number of words in the target
and the type of news event. After successful identification of the targets of the news event, the proposed approach
relies on existing natural language processing tools to identify the polarity among the detected targets from the
news articles. The identified targets, along with their detected polarity towards each other and the news event
is used to create a signed network of the news event.

The rest of the paper is organized as follows: we present a formal definition of the problem along with a brief
description of the proposed approach in Section 2. We discuss the experiments and observations in Section 3
and finally draw our conclusions in Section 4.

Figure 1: Overview of the Proposed Approach
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2 Problem Definition

In this section, we provide a brief discussion of the problem followed by the details of the proposed approach.
Given a news event N , let A = {a1, a2, · · · } be the set of news articles related to N . We intend to create a
signed network representation, S = (V, E) where V represents the targets, T = {t1, t2, · · · } related to N and E
represents the polarity relationship among T , i.e., Eij 2 {�1,+1} indicates the polarity relationship between Ti
and Tj . An overview of the proposed approach is given in the figure 1, and we discuss the proposed approach in
details next.

2.1 Proposed Approach

The proposed approach primarily identifies T related to N and thereafter, determines the polarity relationships
between a pair of targets, say Ti and Tj from A. We discuss each of these steps next.

2.1.1 Identification of Targets

In this section, we discuss the proposed approach to identify T related to N . A target can comprise of single or
multiple words. We primarily discuss the proposed procedure to identify single word Ti followed by multiple word
Ti. Given N , we primarily create a document, D by combining the news articles, A related to N . Thereafter,
we create a graph G, where the nodes, Q represent the words, w, from D after pre-processing (the pre-processing
details is provided in section ) and the edges, R represent the normalized co-occurrence score, R(wi, wj) between
a pair of words, wi and wj calculated from D by:

R(wi, wj) =
coSc(wi, wj)

maxwr,ws2w(coSc(wr, ws))

where coSc(wi, wj) represent the co-occurrence score of wi and wj in D. On G, we calculate the page
rank [PBMW99] centrality 3 score of each node, say wk. We select a node into the set of targets, T if the
PRS of wk is greater than the threshold, i.e., (pgR(wk) � thw). Based on two news events, the threshold was
decided by a group of 2 manual annotators by considering that a minimum number of relevant targets is excluded,
and a minimum number of irrelevant targets is included related to N into T . We checked the e↵ectiveness of the
threshold on three di↵erent news events and found it relevant irrespective of the type of news event. Although
the number of relevant targets excluded and the number of irrelevant targets included varies across news events,
we found that the maximum number of irrelevant targets which was included was less than 4% of the total
relevant targets and minimum number of relevant targets which was excluded was less than 9% of the total
relevant targets for an event.

However, as previously discussed, a target might contain multiple words. Hence, we follow a path based PRS
to identify targets of multiple words. For a word, wi, we represent the score of his neighbours as NgScore(wi, wk),
where wk is a neighbour of wi, i.e., (wk 2Ng(wi)), as the weighted summation of the PRS of wi, the PRS of
wk and normalized co-occurrence score of wi and wk, R(wi, wk). Therefore, NgScore(wi, wk) can be formally
defined as,

NgScore(wi, wk) = ↵[pgR(wi) + pgR(wk) +R(wi, wk)]

We have considered ↵ as 0.33 to provide equal weightage to the page rank scores of wi and wk and the
normalized co-occurrence score of wi and wk. Therefore, a phrase which comprises of wi followed by wk is added
to the T if (NgScore(wi, wk) � thp). We further extend NgScore to more than two words in a phrase by
following a path of length 2, 3 and 4 starting from wi to identify targets of length 3� 5 respectively. However,
our experimental evaluations indicate that the number of phrases of size which are more than 4 words and is
greater than the thp is very few. Therefore, we consider targets that comprise of 1 � 4 words in this paper. In
table 1, we provide a brief overview of the graphs for each of the 3 events (details of the dataset of the news
events are discussed in section 3.1) considered in this paper.

2.1.2 Identification of Polarity Relationships

After identification of T related to N , we identify the polarity relationships among the targets from D. We
follow Fernandez et al. [FGÁLJM+16] to identify the polarity relationship by identifying the sentiment from the

3
https://en.wikipedia.org/wiki/PageRank
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Table 1: Overview of the event graph related E1, E2 and E3, from which targets were detected.

Dataset E1 E2 E3

Nodes 3000 2351 1825
Edges 10673 14520 7831

Average Degree 7.12 12.35 8.58

consequent sentences, S of D. We primarily discuss the approach proposed by Fernandez et al. [FGÁLJM+16]
briefly followed by the details of our adopted methodology based on the same work [FGÁLJM+16]. Fernandez
et al. [FGÁLJM+16] primarily identifies the dependency tree of a sentence and calculates the sentiment of the
sentence based on the sentiment of the dependency sub-trees. The sentiment of each sub-tree is calculated
through the sentiment score of the constituent lexicons along with the score due to the presence of intensifier,
modifier, and negation in the subtree. The SO-CAL dictionary [TBT+11] is referred to calculate the sentiment
score of a lexicon.

For our approach, we primarily identify the subject, st and object, ot of s (for each s 2 S) and thereafter,
match if both st and ot exist in T , say as Ti and Tj . We identify the polarity between Ti and Tj as the sentiment

score calculated by following Fernandez et al. [FGÁLJM+16] on s. An iterative application of this procedure for
each s 2 S can e↵ectively identify a fraction of the existing links (E) between the targets, (T ). Therefore, after
this step, the polarity between Ti and Tj is identified as +1,�1 or 0. However, we observed that a fraction of the
edges across the targets could not be identified by this procedure. We believe the absence of polarity information
of all possible pairs of targets in S and the inherent complexity of the sentences are the two major limitations
due to which we can not ensure identification of the polarity among all the targets in T . In order to handle this
issue, existing characteristics of signed networks, like structural balance theory and status theory, or di↵erent
properties of signed networks could be used to predict the sign of a missing link [LHK10, DMT18] between
the targets which we consider as one of the future directions of this work. On identification of all the possible
polarity relationships among targets, we create a signed network of the event, S = (V, E) where V comprises of
T , E represents the identified polarity relationship between V as {+1,�1}.

3 Experiments and Discussion

In this section, we provide details of the datasets used, the pre-processing techniques followed in the experimental
evaluation of the proposed approach, discuss the results obtained.

3.1 Datasets and Preprocessing

For our experimental evaluation, we selected 3 news events that belonged to USA 4, Europe 5 and India 6

respectively which has occurred during 2016� 2017 from the list of events provided by Wikipedia corresponding
to each of the country or continent. We manually selected USA, Europe and India for our experiments to ensure
the proposed approach is not biased by the location of the news event. For each of the these news events, we
crawled the news articles from Google News Search API 7 by using Python Newspaper API 8. We discuss the
news events along with the news article datasets in details next.

1. 2016 Indian Banknote Demonetisation, N1 : In 2016, the Prime minister of India announced that the
existing Rs 500 and Rs 1, 000 banknotes would not be allowed to be used and claimed that this action shall
reduce the usage of counterfeit notes. This decision caused considerable debate in India. 9. We crawled 86
news articles related to this event.

2. Catalan Independence, N2 : The Parliament of Catalonia passed a resolution to declare the independence of
Catalonia from Spain which led to considerable debate and discussions among the International community
and Catalonia 10. We crawled 47 news articles related to this event.

4
https://en.wikipedia.org/wiki/2017 in the US

5
https://en.wikipedia.org/wiki/2017

6
https://en.wikipedia.org/wiki/2016 in India

7
https://news.google.com/?hl=en-IN&gl=IN&ceid=IN:en

8
https://newspaper.readthedocs.io/en/latest/

9
https://en.wikipedia.org/wiki/2016 Indian banknote demonetisation

10
https://en.wikipedia.org/wiki/Catalan independence movement
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3. Allegations against Harvey Weinstein, N3 : Around 80 women accused Harvey Weinstein of sexual abuse
and assault which led to severe discussions and debates 11. We crawled 34 news articles related to this event.

Our dataset comprises of news events from di↵erent geographical locations, media coverage (the number of
news articles related to an event range between 34 � 86) to show that the proposed approach is not biased by
the news event. We discuss the pre-processing details next.

(a) E1 (b) E2
(c) E3

Figure 2: Word cloud representing a subset of the targets generated by the proposed approach.

Pre-processing Details We provide a brief overview of the pre-processing details hereby.

1. We combine A related to N into a single document, D.

2. We use SpaCy [HM17] which provides an exhaustive list of around 325 stop-words (greater than the NLTK
library 12) to remove the stop words from D. We also remove the punctuation marks from D.

3. We segregrate D into it’s consequent sentences, S. We use SpaCy [HM17] and neuralcoref 13 library for co-
reference resolution for each sentence, i.e., s 2 S. Further, we manually create a list to identify same words
with di↵erent spellings into a single one, like the words demonetization and demonetisation was changed to
the word demonetization.

4. We use NLTK POS Tagger 14 to identify the nouns, verbs, adjectives and prepositions of D. Further, if a
word has been tagged as both noun and adjective, then the word is considered to be of that tag which has
higher occurrences. We only consider these words while creating G from D related to N .

3.2 Experiments and Results

In this section, we describe our experiment details, followed by our observations. We compare the T identified
by the proposed approach and the existing research works related to N (here, we consider N1, N2 and N3).
We consider graph based approaches which identifies targets from text as baselines, like TextRank, Clique and
Community sub-structure based approaches. To evaluate the performance of the proposed approach and the
baselines in identifying targets related to N , we measure the number of detected targets (Dtar) and the fraction
of irrelevant targets (Firr) detected by the proposed approach and the baselines related to N1, N2 and N3.

The decision of the relevance of a target was done by a group of 3 manual annotators who were given the set
of targets, Dtar detected by the proposed approach related to an event, N1, N2 and N3. The manual annotators
had no previous knowledge of the news events and was instructed to mark a target as relevant or irrelevant based
on their knowledge of the news event based on A related to N . A target was marked relevant or irrelevant based
on the majority of the annotators. We repeated this for the targets detected by each of the baselines for each
of the events, i.e., N1, N2 and N3, respectively. On comparing the results of the proposed approach with the
baselines, as shown in table 2, we observe the proposed approach generates the maximum number of relevant
targets followed by the baseline which utilizes Clique sub-structure. Although TextRank generates more targets,

11
https://en.wikipedia.org/wiki/Harvey Weinstein

12
https://www.nltk.org

13
https://pypi.org/project/neuralcoref/

14
https://nlp.stanford.edu/software/tagger.shtml
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it produces maximum noise and is only e↵ective in generating single word targets. Further, we observe that
Clique and Community based structure fails to indicate the order of the words in the phrase, thus requiring
severe manual intervention to identify the relevant targets which comprises of multiple words. Therefore, as
discussed in section 3.1 and highlighted in table 1, the proposed approach can identify targets of relevance as
well as a large number of targets with respect to the existing works of target identification. In figure 2, we
provide a word cloud representation of a subset of the targets identified by the proposed approach related to E1,
E2 and E3 respectively.

Table 2: Comparison of the proposed approach with the existing ones in terms of Firr and Ttar.

Dataset Propapp TextRank Clique Community
Ttar Firr Ttar Firr Ttar Firr Ttar Firr

E1 81 0.10 109 0.60 107 0.43 123 0.53
E2 345 0.22 300 0.56 212 0.26 280 0.39
E3 108 0.11 124 0.39 136 0.24 128 0.37

After detecting the targets, the proposed approach identifies the polarity relationship between a pair of targets
following the approach discussed in section 2.1.2. We found the approach can e↵ectively identify 0.63, 0.68, and
0.78 of the links for E1, E2 and E3 respectively. On further analysis, we found that the fraction of edges which
could not be resolved was either due to the inability of the proposed approach in identifying polarity relationship
from a sentence or the absence of a target with any other target in any of the sentences. We further observed
that the inability of the proposed approach to identifying the polarity relationship from a sentence was due to
the presence of domain information and complex syntactic structure in the sentences. We intuitively believe
utilizing the structural balance theory of signed networks along with the inherent features of signed networks
that can e↵ectively predict the sign of the missing links [LHK10, DMT18] can ensure identification of polarity
relationship between a pair of targets which was not resolved by the approach discussed in section 2.1.2. In
figure 3, we provide signed network representation of E1 as created by the proposed approach, which comprises a
subset of the detected targets (as the total number of detected targets is quite large) and the edges represent the
polarity relationship between the targets towards the event. On visualizing the signed network for E2, we found
a similar distribution of targets on either side of the polarity towards the event. However, the signed network
for E3 indicates a large number of targets to be negatively connected to the event than the number of targets
connected positively to the event.

Figure 3: Signed network representing some of the targets along with their positive (or, negative) relation with
the event E1.

3.2.1 Analyzing Failures

Although the proposed approach e↵ectively creates a signed network irrespective of the type of news event,
we investigate more closely certain cases where our proposed approach fails. In the paper, the decision of the
threshold for identifying relevant targets is done manually and is a fixed value irrespective of the event which
might a↵ect the e↵ectiveness in identifying targets. Although we have tested the e↵ectiveness of the threshold on
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3 news events, we believe we require an exhaustive analysis on more news events to ensure it’s e↵ectiveness and
applicability. Subsequently, the current version of the paper does not rigorously explore the determination of the
polarity relationship between the targets. We believe the inclusion of signed network properties to predict the
sign of a link as one of the immediate future directions of this paper can address the limitations of the polarity
relationship detection by the proposed approach.

4 Conclusions

In this work, we propose an approach to creating the signed network representation of a news event, where the
signed network comprises of the possible targets as nodes and the polarity relationship among the targets as
edges. We propose a page rank score based edge traversal approach to identify the targets of a news article
and rely on existing natural language processing tools to identify the polarity relationship between the identified
targets from the articles of a news event. Our experimental evaluation on 3 events indicates that the proposed
approach can detect a large number of relevant targets irrespective of the type of event with no supervision
and, further, creates a signed network e↵ectively. As one of our future directions, we believe the inclusion of
information related to semantic roles of the words from the news articles and structural information from the
created graph can aid in identifying more targets and further, reduce the noise in identified targets of the current
proposed approach. We also intend to incorporate the attributes related to the signed network to identify the
sign of the missing links.
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