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Abstract—The competitive perspectives implied in online texts
reflect people’s conflicts in their stances and viewpoints. Competitive
perspective identification aims to determine people’s inclinations to
one of multiple competitive perspectives, which is an important re-
search issue and can facilitate many security-related applications. As
the word usage of different perspectives is distinct in various topics,
in this paper, we first propose a supervised topic-refined method for
competitive perspective identification. Our method refines perspec-

tive classifiers with the document-topic distributions mined from texts.

To reduce human labor in data annotation, we further extend our
work in a semi-supervised manner and propose a user-based boot-
strapping framework. As the perspectives people hold are relatively
stable, our bootstrapping process leverages the user-level perspective
consistency to select high-quality classified texts from unlabeled cor-
pus and boost the perspective classifier iteratively. Experimental
studies show the effectiveness of our proposed approach in identify-
ing the competitive perspectives of online texts.

Keywords—Competitive perspective identification; Topic-based
refinement; User-based bootstrapping

I. INTRODUCTION

People often publish texts on the Web to express their atti-
tudes and exchange opinions. The perspectives from which
people write online texts reflect the fundamental stances and
essential viewpoints they stand, and competitive perspectives,
in particular, reflect the conflicts in people’s stances and view-
points [1]. Identifying the competitive perspectives people hold
can provide valuable information about their intrinsic judg-
ments or inclinations. Therefore, competitive perspective iden-
tification is an important research issue and can facilitate many
security-related applications, such as decision making, policy
suggestion and emergency response.

Competitive perspective identification was rarely studied in
previous research, while some efforts have been made in a re-
lated research field, stance detection [2-4]. The stances people
take often manifest as their supportive or unsupportive attitudes
towards certain topics or entities. Different from the stances,
the competitive perspectives people hold indicate their inclina-
tions to one of multiple competitive entities (such as political
parties and organizations), which are more intrinsic and macro-
scopic. The perspectives people hold can influence their stanc-
es towards different topics. Specifically, stance detection aims
to classify the stance of a text towards one certain topic or enti-
ty as supportive, unsupportive or none. However, competitive
perspective identification focuses more on determining the
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perspective of a text among multiple competitive entities. The
texts people write to express their perspectives usually cross
various topics, and there can be two or more competitive per-
spectives. Thus the computational methods developed for
stance detection are not directly applicable to competitive per-
spective identification.

Previous work on stance detection typically uses machine
learning and takes n-grams as features [2, 3]. Syntactic and
semantic features have also been incorporated to improve the
performance of stance classifiers [4]. Similarly, previous work
on competitive perspective identification applies machine
learning techniques to build the identification model based on
word features [5]. On the basis of this, Lin et al. [1] mine latent
topic information in texts to take into account different word
usage under various topics.

In the work by Lin et al. [1], topic information under each
perspective is mined for identifying the specific perspective.
Meanwhile, at the general topic level, the word usage of differ-
ent perspectives is distinct. To make use of the general topic
information across different perspectives, in this paper, we first
propose a topic-refined method which mines perspective-
independent topics for classification. On the other hand, the
existing methods of competitive perspective identification are
supervised [1, 5], which need large labeled corpora for model
training. To reduce human labor in labeling training data, we
further propose a semi-supervised bootstrapping framework for
competitive perspective identification. As the perspectives
people hold are relatively stable, the perspectives of different
texts written by the same author should be consistent. There-
fore, our bootstrapping process leverages the user-level per-
spective consistency to select high-quality classified texts from
unlabeled corpus and boost the perspective classifier iteratively.
Experimental studies show the effectiveness of our topic-
refined model and user-based bootstrapping process in identi-
fying competitive perspectives of online texts.

II. PROPOSED APPROACH

To solve the competitive perspective identification problem,
we propose a user-based bootstrapping framework, in which
we also develop a topic-refined identification method. The
main process of our proposed approach is given in Fig. 1. This
bootstrapping process adopts an iterative strategy to boost the
perspective classifier. In the beginning, we initialize the train-
ing corpus with a few labeled seed texts. In each iteration, we



first mine the latent topic information in the training texts and
construct the topic-refined perspective classifier. Then we use
the constructed classifier to identify the perspectives of the
unlabeled texts. To expand the training corpus with high-
quality texts, we leverage the user information to measure the
classification confidence of the unlabeled texts, and add the
highly confident classified texts to the training corpus so as to
reconstruct the perspective classifier in the next iteration.
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Fig. 1. Main process of the proposed approach
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A. Construction of topic-refined perspective classifier

To refine the perspective classifier with perspective-
independent topic information, we apply the Non-negative Ma-
trix Factorization (NMF) based topic model to acquire the doc-
ument-topic distributions of all the training texts, and use these
distributions to construct a fine-grained model for competitive
perspective identification. The NMF based topic model de-
composes the original term-document matrix V into a term-
topic matrix W and a topic-document matrix H so that V =
WH and W, H = 0. By normalizing each column in H, we can
get the topic distribution h; of each text d;.

As the word usage in perspective expression is different
under various topics, we train a perspective classifier for each
topic respectively. When training the i-th topic-related perspec-
tive classifier, we take the topic distributions hy;, hy;, ..., hy; of
texts dq, d,, ..., dy as the sample weights. In doing so, we can
distinguish the importance of different texts to the classifiers.
In addition, we train a general perspective classifier to capture
the common word usage in expressing perspectives.

B. Perspective identification of unlabeled texts

We use the trained topic model and perspective classifiers
to identify the competitive perspectives of unlabeled texts. For
an unlabeled text d’, we apply the trained NMF model to ac-
quire its topic distribution (h%, ..., hgx), where K is the pre-
defined number of topics. Meanwhile, we use the general and
topic-related perspective classifiers to identify the perspective
of this text, denoted as py and pq, ..., px. Note that py and
P1, -, Pg are one-hot vectors where the element corresponding
to the identified perspective is 1 and the other elements are 0.
Finally, to determine the perspective of text d’ based on the
outputs of the general and topic-refined perspective classifiers,
we adopt a topic-based voting scheme, which is given by equa-
tion (1) and (2), where perspective(d’) is the identified per-
spective of text d’ by our method, and a is a weighting factor
which measures the importance of the general classifier. It can
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be seen that we use the topic distribution as the voting weights
in determining the final perspective of an unlabeled text.

(1
@)

p =

perspective(d') = argmax p;
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C. User-based selection of highly confident texts

To iteratively boost the perspective classifier with addition-
al labeled texts, we add the classified texts of high confidence
to the training corpus at the end of each iteration. As the per-
spectives of different texts written by the same author are usu-
ally consistent, we leverage the author information to measure
the classification confidence of the unlabeled texts. Specifically,
we calculate the confidence scores of all user u’s texts by equa-
tion (3), where ¢} is the number of u’s texts classified as per-
spective i and ¢ is a shrinking factor. This equation indicates
that if most of user u’s texts are classified as the same perspec-
tive, and this user has written adequate texts, the classification
confidence of this user’s texts is high.
max ctt
Yic}
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Based on the perspective classification results, we group
authors by their perspectives and sort the authors of each per-
spective in the descending order according to their confidence
scores. Note that we take the majority perspective of a user’s
texts as his/her perspective. Then for each perspective, we fetch
the first author in the sorted author list iteratively and expand
the training corpus with his/her texts, until the amount of the
added texts is more than a pre-defined threshold TOPN. To
ensure the balance of different classes, the bootstrapping pro-
cess ends once there exists a perspective that no more corre-
sponding texts can be added to the training corpus. Finally, to
make full use of all the unlabeled texts, we classify the per-
spectives of the remaining unlabeled texts by the latest trained
perspective classifier and add them to the training corpus,
based on which we construct the final perspective classifier.

confidence(u) =

[II. EXPERIMENT

A. Dataset

We use a dataset crawled from the “bitterlemons.org” web-
site for our experimental studies, which was also used in the
related work [1, 5]. This website publishes online documents
about the Palestinian-Israeli conflict, and it provides the per-
spective of each document, either Palestinian or Israeli. We
crawl all the documents along with their perspectives and au-
thor information. Our dataset contains 1765 documents written
by 335 users from 2001 to 2012. Among the authors, two of
them are resident editors and the others are guests. To leverage
more author information for our evaluation, we use the docu-
ments written by the guests as the training data and use the
documents written by two editors as the testing data. In our
dataset, there are 436 Palestinian documents and 437 Israeli
documents in the training corpus, and there are 446 Palestinian
documents and 446 Israeli documents in the testing corpus.

B. Evaluating topic-refined perspective identification method

To test the effectiveness of our topic-refined competitive
perspective identification method (abbreviated as “TR_CPI”),



we employ typical machine learning algorithms to construct the
perspective classifiers and examine whether our topic-refined
method can boost their performances, including Naive Bayes
(NB), Logistic Regression (LR), Support Vector Machine
(SVM) and Random Forest (RF). To be consistent for compari-
son, all these methods take word unigrams as features.

For our method, we determine the parameter values by 5-
fold cross validation on the training data, and set the topic
number K = 50 and the weighting factor @ = 0.5. The accura-
cies of our method with different perspective classifiers are
given in Table I, where “Original” refers to the original classi-
fiers without our topic-based refinement.

TABLE 1. ACCURACIES (%) OF TR_CPI AND ORIGINAL METHODS

Method NB LR SVM RF
Original 95.07 96.08 95.63 96.08
TR_CPI 95.27 96.19 95.74 97.09

From Table I, we can see that our topic-refined method can
improve the performances of typical machine learning based
perspective classifiers. Among all the original perspective clas-
sifiers, Random Forest achieves the highest accuracy. Our top-
ic-refined method with Random Forest outperforms all the oth-
er methods, which demonstrates the effectiveness of our topic-
based refinement for competitive perspective identification.

C. Evaluating the user-based bootstrapping process

To evaluate the performance of the user-based bootstrap-
ping process (UBP) for semi-supervised competitive perspec-
tive identification, we randomly select 10% of the training data
as the labeled seed texts and use the remaining training texts in
an unsupervised manner. Specifically, we compare UBP with
three methods. The first method is fully supervised (FS) and it
only takes the seed texts for model training. The second meth-
od is semi-supervised (SS), which first trains an initial classifi-
er based on the seed texts, and then uses this classifier to anno-
tate the unlabeled texts in the training corpus. It finally uses the
annotated texts along with the seed texts to train a classifier for
perspective identification. The third method is similar to the
second method except for adjusting the perspective of each
annotated text to the majority perspective of its author (SS_U).

To examine whether the proposed bootstrapping process
works well with different perspective classifiers, we take the
topic-refined versions of typical machine learning based meth-
ods (abbreviated as “T_NB”, “T_LR”, “T_SVM” and “T_RF”)
as the perspective classifiers in our framework UBF and the
comparative methods FS, SS and SS_U. In addition, we take
two methods in the related work [1, 5] (i.e. LSPM and NB_T)
as the perspective classifiers in UBF, FS, SS and SS_U.

For our bootstrapping process and topic-refined method, we
determine the parameter values by 5-fold cross validation on
the training data, and set the topic number K = 30, the
weighting factor @ = 0.5 and the shrinking factor ¢ = 2. To
balance the efficiency and effectiveness of the bootstrapping
process, currently we set the amount of the added texts in each
iteration (i.e. TOPN) to 30. The accuracies of our bootstrap-
ping process and comparative methods with different perspec-
tive classifiers are given in Table II.

TABLE II.  ACCURACIES (%) OF UBP AND COMPARATIVE METHODS

Method | TNB | TLR | T SVM | T RF | LSPM NB_ T
FS 84.97 | 8543 | 8554 | 9036 82.53 83.28
SS 84.69 | 84.53 | 84.64 | 88.68 82.17 82.67

SS U | 8469 | 88.90 | 90.92 | 92.83 82.83 83.88
UBP 9347 | 9351 | 9278 [ 95.70 91.79 93.34
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From Table II, we can see that our user-based bootstrapping
process outperforms all the comparative methods. The semi-
supervised method (i.e. SS) seldom achieves better perfor-
mance than the fully supervised method (i.e. FS). One reason
for this is that the texts annotated by the semi-supervised meth-
od is too noisy. The semi-supervised method with author-based
perspective adjustment (i.e. SS_U) outperforms the purely
semi-supervised method in most cases. It can also be seen that
our bootstrapping process works well with different perspec-
tive classifiers. This indicates the generality of our user-based
bootstrapping process in identifying competitive perspectives.

IV. CONCLUSION

Competitive perspective identification is an important re-
search topic and beneficial for many security-related applica-
tions. As the word usage of different perspectives is distinct in
various topics, we first propose a supervised topic-refined
method for competitive perspective identification. In this
method, we mine general topics implied in texts and refine the
perspective classifiers with document-topic distributions. As
supervised method usually needs large labeled corpus for mod-
el training, which is time-consuming and labor-intensive, we
further extend our work in a semi-supervised manner. Based on
the consideration that the perspectives people hold are relative-
ly stable, we propose a user-based bootstrapping framework
which requires only a few labeled seed texts. In the bootstrap-
ping process, we leverage the user-level perspective consisten-
cy to select highly confident classified texts and boost the per-
spective classifier iteratively. Experimental studies demonstrate
the effectiveness of our topic-refined method and user-based
bootstrapping process in identifying competitive perspectives.
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