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Abstract: In the age of social networks, the number of tweets sent by users has led to a sharp rise in
public opinion. Public opinions are closely related to user stances. User stance detection has become
an important task in the field of public opinion. However, previous studies have not distinguished
between user viewpoints and stances. These studies usually detected stance from the perspective of
the tweet level but rarely the user level. Therefore, in this paper, we defined user stance, which is the
user viewpoint (support, oppose, and neutral) toward the entire target event process. On this basis,
we put forward a user stance detection method based on external commonsense knowledge (such
as SenticNet) and environment information (such as a user’s historical tweets, topic information,
and neighbor tweets) and denote this method as ECKEI. First, in order to better integrate external
commonsense knowledge into the neural network, we improved BiLSTM and called it CK-BiLSTM for
complementary commonsense information to the memory cell. Secondly, we used LDA to extract the
topic of user tweets and designed a topic-driven module to capture the users’ neighbors’ information.
Finally, we used the attention mechanism to integrate information from users’ historical tweets and
neighbors’ tweets obtained through topic information; then, we used the softmax layer to classify user
stances into the support, neutral and oppose classes. In this paper, we conducted experiments and
assessments on datasets containing information on Brexit and the elections to verify the practicability
and effectiveness of our proposed method. Extensive experimental results on the Brexit and elections
datasets show that our approach outperforms six baseline methods (SVM-ngram, NB, MTTRE (RNN),
Pkudblab (CNN), TAAT, and Aff-feature). We use the average micro-F1 and average accuracy to
measure performance on the detection of a user’s stance. The ECKEI model makes improvements of
4.30-16.89% and 1.22-16.58% on the Brexit and election datasets, respectively, in terms of average
micro-F1. Meanwhile, this model makes improvements of 4.24-17.46% and 0.48-14.64% on the Brexit
and election datasets, respectively, in terms of average accuracy. Our model makes improvements of
5.34-17.30% and 2.65-19.73%, respectively, on the Brexit and election datasets in terms of average
recall.

Keywords: social network; Bi-LSTM; stance detection; external commonsense knowledge; neighbor-

hood information

1. Introduction

With the advancement of information technology and the rapid development of the
Internet, the emergence of social media platforms has brought unprecedented changes to
people’s lifestyles and ways of thinking. Social media platforms have a large number of
users. Additionally, social media has become an important source for people to understand
current affairs, connect with the world, and obtain real-time information [1]. Many users
love to describe their daily lives and participate in discussions on hot topics on social media
platforms [2]. Hot topics refer to a major social event, a public policy that has attracted the
attention of the whole people, or a country’s elections and other hot events, and so on. It
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often refer to hot issues that the people are most concerned about within a certain time and
within a certain range. At the same time, with outbreaks of incidents, different users have
different perspectives on hot events, and their stances are also different. Different stances
often lead to an explosion of public opinion. Therefore, research on stance detection tasks
is very necessary.

Stance detection is a sub-branch of sentiment analysis. Sentiment analysis aims to
automatically determine the sentiment tendency of a user’s tweet toward a specific object.
The significant difference is that in the stance detection task, the purpose is to judge whether
the user viewpoint towards a given target is positive (support, pro), negative (oppose,
con), or neutral [3]. In real-life applications, stance detection plays a vital role in many
specific tasks, such as analyzing political debates on online forums [4], fake news and false
rumors [5], political stance trends [6], etc.

Due to the critical influence of stance detection in online social networks, an increasing
number of people have studied stance detection in recent years. For example, Veyseh
etal. [7] proposed a deep attention CNN-LSTM model that uses user useful relationships
features available in additional social media such as friendship to improve performance.
Pamungkas [8] proposed a stance detection model. The model uses and explores the
features based on the sequence of event and emotional information.

With the rapid development of external knowledge engineering, we have discovered
that external knowledge plays a vital role in the application of natural language processing
(NLP). For example, short text classification [9] and sentiment analysis [10] combined with
external knowledge can achieve better performance. Moreover, Mohammad et al. [11]
found that people’s emotions are conducive to the stance classification of tweets. Therefore,
we extract emotional words by using external knowledge to improve the performance of
stance detection.

Although in the previous works, the research on user stance detection achieved great
success, we find that all have a common problem: ignoring the difference between stance
and viewpoint. Regarding our daily life and the information, we find that stance is an
affirmation of viewpoint and that their viewpoints are only one of the reasons for the
users to confirm their stance. To better understand stance detection, we assume that user
tweets are sent in chronological order, the user’s viewpoint is related to the topic, and the
user’s viewpoint may change with the spread of time and events. Therefore, through the
summary of the previous work, we first define the user’s stance and propose a method
based on integrating external commonsense knowledge and environmental information
(ECKEI) to detect the stance of user-level tweets in social networks. Here, we collectively
refer to the impact of topic information and neighborhood information as environmental
information. User-level stance detection aims to use all tweets of a user in a period of time
to analyse user stance, while tweet-level stance detection only uses one tweet to analyse
user stance. The model captures the key factors in stance detection: the user’s historical
viewpoints, the topic information of tweets, the views of the user’s neighbors driven by
the topic information, and the emotion embedded in external commonsense knowledge.
In our proposed framework, first, we obtain emotional information by embedding the
external commonsense knowledge base SenticNet. We encode the sequence as a vector
to better integrate commonsense knowledge into BILSTM (CK-BiLSTM). Then, we have a
topic-driven module to capture users’ neighbors’ information. Subsequently, we use the
attention mechanism to integrate the information of users’ historical tweets and neighbors’
tweets obtained through topic information. Finally, we use a softmax layer to classify user
stance. We verify through many experiments that our proposed ECKEI model is better
than other baseline models.
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In conclusion, our main contribution can be summarized as follows:

*  We define user stance based on the user-level social network dataset and divide user
stance into three categories (i.e., support, neutral, and oppose).

*  To detect user stance, we propose a stance detection method based on external com-
monsense knowledge and environmental information (ECKEI) to detect user stance
in social networks, which provides useful insights into the importance of user stance
in social networks. We use external commonsense knowledge to obtain emotional
information to extend BiLSTM (CK-BiLSTM) to complement ordinary BiLSTM to
obtain more information.

¢  We conduct extensive experiments to validate our model. Through experiments on
two social network datasets, we present that our method outperforms several baseline
methods in the user stance detection task. Our method achieves 68.65%, 70.07%,
78.48% in average micro-F1, average acuracy and average recall on the Brexit dataset
and 72.86%, 73.44%, 83.27% on the election dataset, respectively.

The rest of the paper is organized as follows. First of all, we apply for the related work
in the stance detection model and external knowledge embedding in Section 2. Secondly,
in Section 3, we define the stance and define the task. Again, in Section 4, we introduce our
proposed method in detail. Then, in Section 5, the experimental results of the two datasets
of Brexit and the US election and some baseline models are compared. Finally, Section 6
gives the conclusion of this article and its prospects.

2. Related Work

The main purpose of this section is to review the related work on stance detection
based on the emotional information obtained from external commonsense knowledge and
the influence of the users’ surrounding environment (neighbors, topics, etc.). Therefore,
it is mainly divided into two modules: stance detection and the application of external
knowledge in tasks.

2.1. Stance Detection

Mohammad et al. [2] first proposed the task of detecting stance from a tweet in
SemEval-2016 Task6. The stance detection task is defined as: given a tweet and a target
entity (individual, organization, etc.), the system determines whether the author of the
tweet is for or against the target entity. With the proposal of stance detection tasks, an
increasing number of researchers are interested in stance detection. We will introduce some
of the previous related works.

2.1.1. Machine Learning Methods for Stance Detection

Elfardy et al. [12] proposed an SVM-based supervision system that uses vocabulary,
emotion, semantics, and potential frame semantic features to perform stance detection on
specific targets in the SemEval-2016 dataset. Dey et al. [13] used a two-stage method based
on SVM to detect stances in tweets. First, they determined whether the tweet was neutral
or non-neutral. If it is a neutral tweet, it was deleted. If it was non-neutral, it was passed to
the next stage, which classified the tweet as positive or negative.

Wojatzki et al. [14] used stacked classification and syntactic features to perform stance
detection on SemEval 2016 Task6.The model demonstrated a slight performance improve-
ment. Augenstein et al. [15] proposed training logistic regression (LR) models and auto-
encoding bag-of-words to be labeled for stance detection on the Hillary Clinton dataset.
Dias et al. [16] used Hillary Clinton’s labeled data and Trump’s unlabeled data and used a
rule-based algorithm to help detect the SemVEval 2016 stance task.

Trabelsi et al. [17] introduced a purely unsupervised author interaction topic viewpoint
model (AITV), which is more inclined to “heterogeneity” rather than “homogeneity” when
identifying the nature of the author’s online debate interaction. Furthermore, it was
conducted in six corpora involving four different controversial issues extracted from two
online debate forums. The results show that AITV’s stance detection ability is better than
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other models, even under the unsupervised model. Darwish et al. [18] proposed a stance
model for detecting controversial topics. First, they created clusters among users, and
then no domain or topic-level knowledge was required to specify related stances (tags)
or perform actual tasks Mark. Their research results show that when implementing a
clustering algorithm, using forwarding as a feature provides the best performance score.
Supervised methods are exceeded when using short text and SVM models. Their findings
are considered to be a big motivation for the future use of unsupervised methods for
stance detection.

Ammar et al. [19] proposed an unsupervised method for specific target stance de-
tection in a polarized context, especially in Turkish politics. The model is mainly based
on a convolutional neural network-based multilingual universal sentence encoder. Then,
they used the uniform manifold approximation and projection (UMAP) algorithm and
hierarchical density-based clustering (HDB-SCAN) to cluster the projected user vectors.

2.1.2. Deep Learning Methods for Stance Detection

With the development of deep learning, an increasing number of people are using
deep learning to research stance detection. For example, in the proposed SemEval-16 stance
detection, Zarrella et al. [20] proposed using an RNN to initialize feature learning and
perform remote supervision on two large-scale labeled datasets. Wan et al. [21] designed a
voting scheme to predict the label of the test set through a specific convolutional neural
network.

Du et al. [22] proposed a neural network model that combines RNN and attention
mechanism, called the target-specific attention neural network (TAN) model, which merges
specific target information into the attention mechanism of stance classification and achieves
the most advanced performance. Zhou et al. [23] embedded a new attention mechanism in
the two-way GRU-CNN structure at the semantic level. This novel attention mechanism
allows for the model to automatically pay attention to the semantic features of the informa-
tion mark when the stance is specified with the target to achieve stance detection of the
goal.

Dey et al. [24] proposed a two-stage LSTM model using an attention mechanism
(T-PAN). In both stages, they proposed a deep neural network based on LSTM, and the
attention mechanism was embedded in each step. In the first stage, they classified subjective
tweets (subjective or neutral tweets) according to the topic. In the second stage, they ranked
the sentiment of emotional tweets to determine the stance of a given individual tweet.

Sun et al. [25] proposed a joint neural network model to predict the stance and
sentiment of tweets at the same time. They used the LSTM model to complete these
two tasks, where sentiment analysis is an auxiliary task, and stance detection is the main
task. In the model, mutual sentiments are obtained through parameter sharing, and
the obtained sentiment information is used in the research on stance detection. Aldayel
et al. [26] explored user interactions (posts, online interactions) in Twitter and compared
various functions, including topic content, network interactions, user preferences, and
online network connections. Cignarells et al. [27] introduced a stance detection task and
provided a stance detection dataset, which includes contextual information, such as the
number of reposts, support times, and release date. The author’s contextual information
includes the number of followers, location, and user profile. From the user’s friends and
followers, additional knowledge is extracted from the author, forwarding, quoting, and
replying. Siddiqua et al. [28] proposed a neural ensemble model that uses the advantages
of Bi-LSTM variants to better learn long-term dependencies, in which each module with an
attention mechanism is combined to amplify the contribution of essential elements in the
final representation.

2.2. Incorporating External Knowledge

With the advancement of knowledge engineering, many studies incorporate external
knowledge into the framework to solve NLP tasks and perform well. For example, Zhang
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et al. [29] proposed a model (C-GCN) that introduces the knowledge of the dependency
tree into the graph convolutional network. The author adopts a syntactic tree structure
to maximize the deletion of irrelevant content while merging related information. They
constructed an adjacency matrix and finally provided the classification result through
the softmax layer. Tian et al. [30] introduced the emotional knowledge enhancement
pre-training (SKEP) as a unified emotional representation for multiple dynamic analysis
tasks. Three emotion loss prediction targets use automatic mining knowledge construction
for dynamic masking. The emotional information combining words and polarity and
aspect levels is embedded in the pre-trained emotional representation. Xu et al. [31]
proposed a deep neural network that combines background knowledge with a dialogue
system model. Through the special design of a recall-gate mechanism, the model can
stimulate the background knowledge as a global memory to work with the local cellular
memory of LSTM, thereby enriching the ability of LSTM to capture implicit semantic cues
in conversation. Zhang et al. [32] proposed a semantic-emotion knowledge transferring
(SEKT) model for stance detection, using external knowledge (semantic and emotional
dictionaries) as a bridge to achieve cross-target knowledge transfer. First, they constructed a
semantic-emotion heterogeneous graph from external semantic and emotional dictionaries,
and it was input into the graph convolutional network to learn multi-hop semantic links
between words and emotional tags. Finally, by adding a new knowledge perception
memory unit, the learned semantic emotion graph representation was integrated into
Bi-LSTM as prior knowledge.

3. Stance Definition and Task Definition

In this section, we briefly describe the redefinition of the stance and task definition to
facilitate the understanding of the following.

3.1. User Stance Definition

In the previous work, the researchers did not distinguish between user stance and
user viewpoint but express both as a person’s evaluative reaction to things. Here, we need
to distinguish between them. The user stance affirms one’s own viewpoint, and the user
viewpoint is only one of the reasons for establishing a user stance. To put it simply, a
user viewpoint represents a person’s attitude towards a goal at that point in time, while a
stance represents a person’s viewpoint on the goal over a period of time, which is a “set of
viewpoints”. For example, in the US election, we are given a stance target “Donald Trump”.
During the election process, people sent a tweet in Twitter, such as “If you're not watching
#HillaryClinton’s speech right now you are missing her drop tons of wisdom #SemSt”.
Obviously, this is an attitude of viewpoint regarding Donald Trump, but as time goes on
and the user receives some interference and influence from external information, at other
points or over a period of time after the obtainment of a new perspective and attitude,
statements such as “#Trump never breaks your heart”, “#Trump will build America strong”,
“#Trump’s good” and “#Trump gives you more than you can get” are all supporting Donald
Trump. Here, it is clear that users were supporting Donald Trump for some time afterwards;
we thus regard the user’s stance as support for Donald Trump. Therefore, we need to
formally define user stance.

User Stance: For the stance, specifically, we need to give a clear goal entity (people
,event, etc.), T, and evaluate the overall viewpoint of the user U to the destination by
judging the views of the user tweets during the period of the target entity T. The result is
usually one of three tags.

stance = {support, neutral, oppose} 1)

e  SUPPORT: We can judge from the history tweet that the tweeter supports the target.

* NEUTRAL: We can judge from the history tweet that the tweeter is neutral or has
no clue.

*  OPPOSE: We can judge from the history tweet that the tweeter is against the target.
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3.2. Task Definition

We formulate the user stance detection problem as: for a social media platform,
for a given user i, assuming that the user’s tweets are arranged in chronological order,
we denote their historical tweets as T; = {t;j1,tip, - ,tin}, Where ti (j =1,.,n)is
the j — th tweet sent by user i, and each tweet t; ; consists of a series of words, namely
tij = {w1,wy, -+ ,ws}, where wy,(m = 1,...,s) is the m — th word in tweet tij. We also
assume that when user i publishes a tweet, their views will be affected by the H tweets
recently posted, denoting it as N; = {Nj1,Njo,---,N;}. At the same time, we obtain
the user’s representation, we embed the corresponding topic information, and finally, we
assign different weights to these modules, send them to the attention mechanism module,
and classify the stance of their hidden states through the softmax function.

4. The Proposed Method

In this section, we will introduce the proposed ECKEI model in detail. We first
describe the overall framework of ECKEI and then discuss each module in detail. The
specific content is as follows.

4.1. ECKEI Framework

The framework of ECKEI is shown in Figure 1. We introduce the ECKEI architecture
from the bottom up. As shown in Figure 1, ECKEI takes user tweets as input. For each
tweet, a specially designed CK-BiLSTM is used to process and generate embedding vectors.
CK-BiLSTM is an extension of ordinary BiLSTM, which can be flexible. We obtain emo-
tional information by embedding the external commonsense knowledge base SenticNet.
When we want to encode the tweet sequence as a vector to better integrate commonsense
knowledge into neural networks, we extend BiLSTM and call it CK-BiLSTM. Then we have
a topic-driven module to capture the users’ neighbors’ information. Subsequently, we use
the attention mechanism to integrate the information from users’ historical tweets and
neighbors’ tweets obtained through topic information. Finally, we use a softmax layer to
classify user stance.

( CK-BILSTM R r j

Support/neutral/oppose

Input Layer

Forward CK-
BiLSTM

Backward
CK-BiLSTM (emrvesrsnreran)

Net
Output Layer
i 0e-0

- _J
r Social Network 1
. History tweets

S ST == = s B

' t t
\ @o-o @0

|
| h y
\ S\ [ 5 5
N ST T , Neighborhood Topic _7
L 777777777777777 B T j -~ _ 2 information information - History tweets
=~ -

Figure 1. The overall architecture of the proposed ECKEI model.

4.2. Commonsense Knowledge

Mohammad et al. [11] found that sentiment helps to improve the performance of user
stance detection. In this paper, we mainly use commonsense knowledge to obtain emotion
as a knowledge source and embed it into the sequence encoder. Generally speaking,
commonsense refers explicitly to the daily consensus that prevails among people in a social
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environment. In daily life, the communication between people or the study of academic
issues is a further exploration of commonsense knowledge. Take, for example, “China’s
capital is Beijing.” This sentence is commonsense recognized by everyone. It can be said
that commonsense does not need to be defined. It is recognized by people.

In recent years, there has be an increasing number of studies based on commonsense
knowledge, and many knowledge bases have been published, such as DBpedia, FreeBase,
ConceptNet, and SenticNet. In our model, we use the SenticNet database published by
Cambria et al. [33], which contains 50,000 commonsense knowledge and rich emotional
attributes (as shown in Table 1), for which it not only provides a concept-level representation
but also semantic connection and emotional representation. We will use Figure 2 to explain
in detail, where the arrow in the given word in the figure points to our commonsense
knowledge. For example, given a word “cake”, when we see the word “cake”, according to
our knowledge and our common sense of life, we know that cakes need to be baked, cakes
can be eaten, cakes are sweet, cakes need to pass through the oven to be made, cakes can
solve hunger, cakes are desserts, and so on. We are happy when we eat cakes and taste
their sweetness, and we are in anticipation when we bake a cake. Thus, when we meet the
word cake, through our commonsense knowledge, we can give such emotions as “joy” and
“anticipation”.

Table 1. Example of new knowledge concepts inferred from SenticNet.

. PartOf
SenticNet IsA Event Celebration Causes Joy
wedding 0.86 0.88 0.94
broom 0.83 0 0
birthday 0.85 0.98 0.97
sweep_floor 0 0 0

However, the high dimensionality of SenticNet hinders its development and appli-
cation in deep neural network models. Mohammad et al. [34] established a concept-level
sentiment analysis model. By reducing the dimensionality of emotional commonsense, the
model allows semantic features related to concepts to be generalized. This enables intuitive
clustering based on concepts of semantic and sentimental relevance. Based on the model’s
excellent performance, we embed commonsense knowledge into the deep neural sequence
model to better perform stance detection in natural language text.

capable of

person

desires

Figure 2. A sketch of the SenticNet graph showing part of the semantic network and sentiment
for cake.
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4.3. BiLSTM Network

After Hinton et al. [35] proposed deep belief network (DBN) in 2006, deep learning
has entered a stage of rapid development. Currently, recurrent neural networks (RNN) are
the most commonly used neural network model. An RNN is a neural network used to
process sequence data. However, RNNs cannot solve the long-term dependency problem.
Therefore, in order to enhance the performance of RNNS, researchers have proposed many
different methods.

Long short-term memory (LSTM) [36] is the most widely used method to improve the
RNN model. Compared with ordinary RNN, the most obvious advantage is that it can
perform longer sequences. LSTM includes three gates (i.e., an input gate, a forget gate, and
an output gate) and a memory unit to save the state of each neuron. A standard maintains
a hidden state vector / and a cell state vector ¢, which control states regarding updates and
output at each step. Let w; be the input element of the ¢t — th step; then, the architecture of
the LSTM cell can be defined as follows:

fi = o (Wil hia] + by) @
ir = o(Wilwe, hy—1] + b;) ®)
Ct = tanh(We[wy, hy_1] + be) 4)
Ci=frxCr1+ir+C ®)

ot = c(Wo[we, hy—1] + bo) (6)
hi = o * tanh(Cy) 7)

where f}, i;, 0 indicate the activation vectors of the forget gate, input gate and output gate,
respectively. h;_1 represents the hidden state at time ¢ — 1. Wy, Wi, We, W, are the recurrent
weight matrices. The biases are depicted using the notations b s b;, b, b,.

The standard LSTM can only capture the historical information of the sequence. Due to
the complexity of the natural language sentence structure, future information may be taken
into consideration when labeling the sequence. On this basis, Graves et al. [37] proposed
bidirectional long short-term Memory, which uses two LSTMs to work in the forward and
backward time directions, respectively. This facilitates learning of bidirectional long-term

—
dependencies across two time steps. We can splice BILSTM into h; = [ hi® h t} .

4.4. CK-BiLSTM

In recent years, in order to enable the LSTM network to transmit information to
obtain more comprehensive information, more innovative LSTM-based solutions have
been proposed to achieve a better understanding of missing data and the subsequent
patterns and relationships in the data [38]. In our lives, we often use bad to describe
something, for example, a bad person, which may indicate that “bad” is a word with
emotional information. It is a modifier of the next word, “person”. Therefore, when there is
less information, it should be deleted at the next time step.

Based on the questions raised above, we add the emotional information from com-
monsense knowledge to BILSTM. We build the extension of emotional semantic knowledge
by extending the method proposed by Ma et al. [39] and others. In order to help filter the
information of the previous time step to the next time step, we supplement the original
information with commonsense knowledge. We extend BiLSTM and fuse the external
commonsense to BiLSTM (shortened for CK-BiLSTM). The CK-BiLSTM architecture is
given in Figure 3. Red lines represent commonsense emotional knowledge. At each time
step t, we assume that each word can trigger and map the emotional knowledge to an O
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dimensional space. We use O to represent the number of emotional knowledge, such as

Br1, Btas - y Bty eene. , Bt,0], where we will use the average vector to embed them.
1
Bi=5 L Bim ®)
m
The formula of BiLSTM with commonsense knowledge is illustrated below:

ﬂ:a@WMMF”M+W> )

it = o(Wilwy, hy—1, Bt] + b;) (10)

ét = tanh(Wec[w, hy_1] + be) (11)

Cr=fixCq+irxC (
o = o (Wolws, by, Bi] + bo) (
0f = o (We awn, b, Bi] + B) (9
hy = o¢ x tanh(Cy) + of * tanh(W,f;) (

where f; is the forget gate, i; is the input gate, C; is the cell state and o is the output
gate. Wf, W;, We and W, are known as weight matrices. w; and h; is the input and the
hidden state at time ¢. h;_; represents the hidden state at time t — 1. b Iz b;, bc, by refer
to biased values of different gates. The sigmoid activation function is specified by ¢ and
tanh, and * is the product of Hadamard. Furthermore, we have an important information
supplement activation vector here, that is, of, which is a BILSTM output gate extended with
commonsense knowledge. This gate will complement the normal gate of of BILSTM and
send it to the hidden state, as shown in Figure 3, where W is the weight matrices and b5 is
the biased values. The CK-BiLSTM layer outputs a sequence of hidden states {h,-- -, h },
which are conveyed to an average pooling layer to obtain a tweet representation c;.

Ct_l X “ht;

; :

j

fe

ht+1

Figure 3. The structure of the commonsense knowledge BiLSTM unit.

4.5. Topic Extraction

In this section, we capture the potential topics of each tweet. Through the literature
review, we found that the LDA topic extraction method in short text has very good perfor-
mance as sentiment classification [40]. Thus, to capture the possible topic of each tweet,
we adopt the latent Dirichlet allocation (LDA) model [41]. We extract the best topic from
the historical tweets by the topic extraction method. In LDA, we convert each tweet into
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bag-of-words format (so the order of words is not considered). This method mainly uses
word probability to represent the topic and obtains the word probability through LDA, and
the word with the highest probability in each tweet can be clearly understood. Finally, each
tweet is associated with a topic represented as a vector, which is denoted as z.

Each word in the dataset is obtained through the process of “selecting a topic with a
certain probability, and selecting a word from the topic with a certain probability.” The
specific formula is shown in Equations (16)—(20).

r(chim) &

0 =——~<1]6"" 16

p(6 | a) Hlef(wz)g’ (16)
N

p6,zw|ap)=p@|a) EP(Z” | 6)p(wn | zu, ) (17)

N
p(w|apB)= /P(Q | &) (H Zp(zn | 0)p(wy | Zn/ﬁ>)de (18)

n=1 zn

M N,
p(D | aB) = H/P(% | &) (H Y p(za, | 04)p(wg, |Zdn/[3)>d9d (19)

n=12z24,

p(6,z|w,ap)=p0zw|ap)/p(w]ap) (20)

Here, N represents the length of each tweet, parameter 0 is a random variable of
the k-dimensional Direchlet, parameter « represents a k-dimensional vector with compo-
nents, and parameter I' represents the gamma function. D represents the entire dataset.
Equation (16) here represents the probability density function, Equation (17) represents
the generation process of the topic. The topic mixture, 8, the joint distribution of N top-
ics z, and N words w can be obtained. Then, Equation (18) represents the likelihood
function for each tweet, which is obtained by integrating over 6 and summing over z;
Equation (19) represents the product of the likelihood functions of all tweets in the entire
dataset D. Equation (20) represents that the topic distribution is derived by computing the
posterior probability of the latent variable z.

4.6. Neighborhood Context

In the era of social network media, the information dissemination among people is
rapid, and the tweet status of individual neighbors also affects each other. Myers et al. [42]
find that social network neighbor information disseminated 71% of information on Twitter.
Therefore, what we need to consider here is the neighbor relationship information.

In this paper, we propose a topic-driven module to capture neighbor information.
Our main method of obtaining neighbor information is based on the previously obtained
topic. At the same time, when we obtain neighbor tweets, we obtain them in chronological
order. First, we obtain their hidden vectors through CK-LSTM, merge them together, and
input them into LSTM. The output of LSTM is weighted by neighbor tweets and topic
information z; from Section 4.5:

ahy 21)

™M=

N
1

1

Q) o exp ( {ﬁt,zl} tanh(Whﬁﬁ + szi)) (22)

where {ﬁf\fl,ﬁlNz, ,ENL} denotes the hidden state output of each tweet of each N;; in the
neighborhood context, z; denotes the associated topic, ; is the representation of the user
own tweet at time step 7, and both W}, and W, are weight matrices. Equation (22) indicates
the selected topic-driven neighbor tweet information.
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Here, z; denotes the associated topic, /; is the representation of the user tweet at time
step i, and both W}, and W, are weight matrices.

4.7. Attention-Based User History Tweets

As mentioned above, when a user posts a tweet, they will pay more attention to their
neighbor’s tweets, which also contain topics of interest. Before our work, many works
have proven that the attention mechanism plays an essential role in various tasks of natural
language processing, such as topic perception [43], sentiment analysis [44], and prediction
tasks [45], all of which have good performance. It can be seen from Figure 1 that we
stably input the user’s historical tweets, topic information, and neighbor information in the
attention layer. First, for each tweet, its final representation is generated by combining the
historical tweet representation with the neighbor information driven by the corresponding
topic.

N
apc; P aoc;

23
a1 + o @3

8ti =
where a1 captures the importance of topics and neighbors, and «; is used to capture the
importance of historical tweets. If a7 < a3, then Equation (23) degenerates to a model
that completely relies on historical tweet information. In Section 5.8, we will analyze the
parameters of a1 and ap. The combined representations are then passed to a user attention
layer whose output ¢; , is a normalized weighed sum of {g:1,8:2,...,8i}-

N
ti,n = 2 ﬁngt,n (24)
n=0
exp(Wu; ,
Bn = S p( t ) (25)
Yo exp(Wu )
u;; = tanh(Wyg; + b) (26)

where Bs(n>0) represents the user attention s — th neighborhood tweet. In other words, B
essentially measures the degree of influence from the s — th neighborhood tweet. W and
Wy, is the weight vector, and the 1, ; function is a smoothing factor calculated from g; ; by a
fully connected layer. Finally, we input it into the softmax layer for classification.

Vi = softmax (t;,,Wy) (27)

where W, denotes the weight matrix of fully connected layer. The output y; , of the softmax
layer is the probability distribution of the final individual stance category.

5. Experimental Analysis

In this section, we conduct experiments and evaluations on the model and divide users’
stances into three categories (i.e., support, neutral and oppose) in order to demonstrate the
performance of our proposed methods.

5.1. Dataset

Our experiment was conduct on two datasets: BREXIT and US General ELECTION [46].
Table 2 lists the specific information in the two datasets. The BREXIT dataset contains
38,335 users and 363,961 tweets with 115,012/106,640/142,309 support/oppose/neutral
tweets, respectively, and the dataset US General ELECTION contains 108,689 users and
452,128 tweets with 335,479/92,234 /24,415 support/oppose/neutral tweets. In these two
datasets, we can observe the proportions of support, oppose, and neutral tweets in Figure
4. For each user, we use 90% of their tweets for training and 10% for testing.
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Table 2. Statistics of the two datasets.

User Tweet Support Neutral Oppose
BREXIT 38,335 363,961 115,012 142,309 106,640
ELECTION 108,689 452,128 335,479 24,215 92,234
DATASET

ELECTION

BREXIT 142.309

0 50 100 150 200 250 300 350 400 450 500

M oppose neutral M support

Figure 4. The number of tweets classified as support, neutral and oppose.

5.2. Pre-Processing

Since our data are not standardized, pre-processing is crucial before extracting features,
and we need to normalize the data. There are many special symbols, such as URLs, emails,
and other information in tweets, and we need to normalize them in the pre-processing
process. We mainly dealt with this by: (1) deleting any characters that are not in the
range of the English alphabet; (2) standardizing the sequence of repeated characters, such
as: “Cooooo00000l,” which we will treat as “Cool”. This post form is social. There are
many in the network, and this kind is mainly to express emphasis; and (3) deleting the
stop-words and applying spell correction on all words by using the stop-word list-filtering
approach [47]. Looking back at our model, each user is a training instance consisting of
a sequence of history tweets. In our experiment, we set a fixed length for the historical
tweets posted by each user. The main method was to fill in empty tweets by users with
fewer tweets or trim users with more tweets for additional tweets. We used the same rules
to deal with the user neighborhood context. In our datasets, we observed that less than
11% of users posted more than 3 tweets. Therefore, we set the length of the user posting
sequence to 3. At the same time, users have an average of 5 neighborhood contexts for
tweets. Therefore, we set the neighborhood context size to 5 in our experiment, and we
used the 300-dimensional word embedding pre-trained on the dataset.

5.3. Topic Setting

In the model module, we mentioned the use of LDA to extract the topics of user tweets.
Because of the topics discussed on social networks, there may be many different topics.
Therefore, during topic extraction, we only kept the most important topics. In particular, we
only kept the most prominent topics and merged topics with fewer than 10,000 associated
tweets as ‘Others.” As shown in Table 3 and Figures 5 and 6, we used a table and a topic
word cloud to display the topic information. Additionally, we introduce a “Null” topic
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for those empty tweets added to the training dataset. From Figure 5 and Figure 6, in the
“BREXIT” dataset, we can see that topics such as “economy,” “campaign,” “immigration,”
“vote,” and “Europe” are the most important, while in the “ELECTION" dataset, topics
such as “Hillary,” “Trump,” “vote,” “candidate,” and “American” are the most prominent.

7o

” o

Table 3. Top ten words in the discovered topics on two datasets.

Dataset Topic Identification Topic Words

Sovereignty

Economy
BREXIT

Immigration

Campaign

BBCdebate

Boris&Farage

Polls

Vote

leave work vote mislead stay
Europe country control
borders independence
EU UK economy jobs Brexit
trade free NHS money tax
brexit UK EU EURef leaveEU
voteleave England migrants
refugees Muslim
Brexit can’t remain racist
attack MP JoCox murder
working class
debate remain BBCdebate
voteremain watching blame
Boris ITVEURef argument
tonight
voteleave gove Boris Johnson
Farage Brexit Michael
Cameron David Geldof
referendum EU Brexit EURef
UK remain alive debate poll
polls
EURef vote referendum
Thursday week today debate
positive days June

Vote

ELECTION Email scandal

Jobs

Slogans

Campaign

Election

voting pople day president
candidate supporters
supporter voted vote America
Hillary Clinton emails FBI
Comey Comey director Trump
talking guy things
election world vote state signs
jobs tax plan steel China
Trump Donald MAGA
Clinton president vote
election final Hillare
IMWITHHER
capitol Donald campaign
Trump Nugent Ted Clinton
sign Reno protester
Donald indirect presideny
world Clinton vote united win
states campaign
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Figure 5. Topic word cloud of BREXIT dataset.
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Figure 6. Topic word cloud of ELECTION dataset.

5.4. Baseline

In order to evaluate the performance of our proposed ECKEI approach, we compared
our model with the classifier proposed by the organizer in taské of the SemEval-2016 shared
task and other advanced methods:

*  SVM-ngram [11]: This model is proposed in SemEval-2016 task6 and mainly uses
multilingual features and characters to train the SVM classifier.

*  NB [32]: This model is a naive Bayesian classification model. It also uses the monolin-
gual features and the multilingual features of characters to train the naive Bayesian
model.

e  MTTRE(RNN) [20]: This model uses two recurrent neural network (RNN) classifiers
to identify stance.

e Pkudblab(CNN) [21]: This model designs a predictive voting scheme using a convolu-
tional neural network (CNN). The label with the highest frequency in all iterations is
used as the final classification result.

¢ Temporal attention(TATT) [7]: This model is a deep attention CNN-LSTM method,
which takes vectors in the timeline as context to capture the temporal dynamism in
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users’ stance evolution. It also uses useful relationship features available in additional
social media such as friendship to improve performance.

o Affective-feature(Aff-Feature) [8]: The model uses and explores the features based on
the sequence of events and extracts emotional features from emotional dictionaries
such as EmoSenticNet (EmoSN) and Dictionary of Affect in Language (ANEW), and it
uses an SVM classifier to achieve user stance classification.

5.5. Evaluation Metrics

To evaluate the performance of our proposed model and the baseline model, we used
two widely used multi-label classifier scoring indicators for evaluation: accuracy, micro-F1,
recall, and their average. These are defined as in Equations (28)—(33):

TP+ TN
A = 2
Y = TP Y TN+ FP+ EN (28)
1 n
Avg-Acc = Y Accuracy; (29)
i=1
Precision,,j., - Recall,,;;
M- _ Fl — 2 . — micro micro 30
rero Precision i, + Recallyicro (30)
1 n
Avg_MF1 = - Y Micro — F1; (31)
i=1
TP
Recall = m (32)
1 n
Avg_Recall = — Y Recall; 33
vg_ Reca - ; ecall; (33)

i=1

where 7 is the number of basic stance categories. TP represents the number of samples
where the true label and stance label predicted by the model are both positive categories,
and TN represents the number of samples where the true label predicted by the model is a
positive category and the user stance label is a negative category. FP represents the number
of samples where the true label is a negative category and the stance label predicted by
the model is a positive category, and FN represents the number of samples where the

true label and the user stance label predicted by the model are both negative categories.
i1 TP Ly Th

R et B ===l where i stands for
Yo, TP+y  FP;’ Y, TP+y  FN;’

Precision,jc;, = and Recall,,jc;, =

category.

5.6. Performance Comparison

To illustrate the effectiveness of our proposed model, we first compared ECKEI to the
baseline methods mentioned above. Figures 7-9 demonstrate the comparative results of
different approaches when detecting stance, and the overall performances of the different
approaches on the two datasets are shown in Table 4. The results on the two datasets show
that the ECKEI model is more competitive. From Figures 7-9, we can observe that user
stance detection methods are more inclined to large datasets and can play a important
role. Regarding machine learning and neural network-based models, TAAT has better
performance than other methods; this is because more features are extracted. However, the
TAAT model is obviously a bit laborious when processing topic information and neighbor
information.

As show in Table 4, our proposed model significantly outperforms all baseline methods
by achieving the highest average micro-F1, average accuracy and average recall on two
datasets. From the results, we can see the SVM-ngram model has better performance than
the NB model when comparing traditional machine learning models. Regardless of the
dataset, we find that the average accuracy, average micro-F1 and average recall scores
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of SVM n-gram are better than NB by 1.42-6.70%, which indicates that the SVM model
has a great advantage in stance classification tasks. Regarding the Aff-feature model, we
can find that after adding the information in the context of the tweet, it demonstrates a
performance improvement of 4.88-6.41% compared to the previous deep neural network
model. Then, after the historical tweets are input, they are compared with the TAAT model.
The adjacent tweets of each tweet are regarded as local context. The attention mechanism is
used to obtain the influence of adjacent tweets, and we can find that the model has obvious
advantages when compared with other models. Finally, we find that MITRE (RNN) is the
closest model to our model’s average accuracy, average micro-F1 and average recall scores.
The first reason to explain the better performance of the ECKEI model is that it uses the
CK-BiLSTM network as an encoder to process external commonsense knowledge in order
to better supplement the original information. Secondly, our proposed model considers
the influence of neighbors” emotions on users’ viewpoints states, which helps to explore
changes in stance between user interactions.

4
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Figure 7. Micro-F1, accuracy and recall results on two datasets for the support stance.
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Figure 8. Micro-F1, accuracy and recall results on two datasets for the neutral stance.
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Figure 9. Micro-F1, accuracy and recall results on two datasets for the opposing stance.
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Table 4. Avg_MF1, Avg_ Acc and Avg_Recall of our approaches on BREXIT and ELECTION.

BREXIT ELECTION
Method
Avg_MF1  Avg_Acc Avg_Recall Avg_MF1  Avg Acc Avg_Recall
SVM- 53.18 54.48 62.30 64.22 65.50 73.06
ngram
NB 51.76 52.59 61.18 56.28 58.80 63.54
MITRE(RNN)  64.35 65.81 73.14 71.64 72.96 80.62
Pkudblab(CNN) 61.59 62.61 69.67 66.12 67.88 75.06
TAAT 60.44 61.78 69.48 69.45 71.08 78.45
Aff- 59.26 60.89 68.45 69.59 70.38 79.80
Feature
ECKEI 68.65 70.05 78.48 72.86 73.44 83.27

5.7. Ablation Experiment

In this section, we aimed to illustrate the effectiveness of different parts of our proposed
model. We designed a set of ablation experiments to further evaluate the importance of
different components in the ECKEI model. First, we set up a series of methods to compare
the performance of BREXIT and ELECTION. Specifically, the ECKEI model and its variant
models are compared as follows.

e  ECKEI-BiLSTM: In order to analyze the effect of commonsense knowledge, we used
ordinary BiLSTM instead of CK-BiLSTM in ECKEL

*  ECKEI-Topic: In order to evaluate the impact of topic information on stance classifica-
tion, we removed the topic part for comparison.

. ECKEI-Attention: In order to evaluate the effect of the attention mechanism, we
removed the attention mechanism part for comparison.

e  ECKEI-Neighborhood: In order to evaluate the influence of neighbor information, we
removed the neighbor information module for comparison.

The results of the ablation experiment are shown in Figures 10-12. Further, we
compared the experimental results concerning average accuracy, average micro-F1 and
average recall, as shown in Table 5. From Figures 10-12, we can observe that for most
stance categories, detection performance will be lower when removing each of the three
key components. Specifically, in the ECKEI model, we use BiLSTM instead of CK-BiLSTM
to significantly reduce the performance of the model, which shows that the introduction
of commonsense knowledge can improve the quality of stance classification. In Table 5,
we can observe that the ECKEI-Topic model has a significant decline in average accuracy,
average micro-F1 and average recall. It indicates that the topic module in the paper is
essential because our neighbor’s tweets are passed. The topic information can obtain tweets
with the same topic as the user, so the topic information plays a decisive role here. We find
that when one clicks neighbor tweets, it has the least impact on the entire module because
topic information plays a big role in neighbor tweets. We must extract neighbor tweets
based on topic information to obtain user similar tweets, which can improve our stance
detection performance. Finally, we observe the attention mechanism (ECKEI-Attention).
When the attention mechanism module is removed, the impact on the entire model is
relatively large. If there is no attention mechanism module, we cannot distinguish which is
the most important information. All the information is integrated into the entire model.
The attention mechanism can solve this problem very well. It can control the received
information by itself. It can perform weight matching to achieve the best results.
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Figure 10. Micro-F1, accuracy and recall ablation results on two datasets for the support stance.
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Figure 11. Micro-F1, accuracy and recall ablation results on two datasets for the neutral stance.
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Figure 12. Micro-F1, Accuracy and Recall ablation results on two datasets for the opposing stance.

Table 5. Avg_MF1, Avg_ Acc and Avg_Recall of ECKEI ablation analysis on two datasets.

BREXIT ELECTION
Method
Avg_MF1  Avg_Acc Avg_Recall Avg MF1  Avg _Acc Avg_Recall

ECKEI-

BiLSTM 62.08 63.55 69.50 50.67 52.05 56.78

ECKEI- 45.30 46.76 52.72 49.82 50.44 56.15

Topic

ECKEI_ 54.10 55.06 61.52 55.80 56.48 62.67
Attention

ECKEI-
Neighborhood 53.57 54.65 61.07 64.47 65.13 68.02

ECKEI 68.65 70.05 78.48 72.86 73.44 83.27

5.8. Parameter Analysis

In order to analyze the importance of the user’s historical tweets and neighbor topic
information, in Section 4.7, we give two parameters above, 1 and «;. In this subsection,
we mainly analyze the influence of the two parameters & and ay on the Avg_Acc and
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Avg_MF1 values. When we set a1 to 0, we do not consider neighbor topic information.
When we set a5 to 0, we will not view the user’s historical tweets. Therefore, in our research
work, the value of &, cannot be 0, which would violate our definition of user-level stance.
At the same time, to determine the influence of the parameters a1 and a; on the Avg_ Acc
and Avg_MF]1 values on the two datasets, we have made a heat map on the two datasets
to analyze the influence of &1 and &y, as shown in Figures 13 and 14. We can see from
these figures that when &4 is 0.6 and «; is 0.8, our average micro-F1, average accuracy and
average recall values are the best.

08 08 08

06 06 06

04 04 04

02 02 02

(a) Avg_Acc (b) Avg_MF1 (c) Avg_Recall

Figure 13. The influence of a1 and &, on the Avg_MF1, Avg_Acc and Avg_Recall of the dataset
BREXIT.

08 08 08
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04 04 04
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(a) Avg_Acc (b) Avg_MF1 (c) Avg_Recall

Figure 14. The influence of 1 and a; on the Avg_MF1, Avg_Acc and Avg_Recall of the dataset
ELECTION.

6. Conclusions and Future Work

In this paper, we discuss the user stance detection problem and redefine stance. There-
fore, we propose a stance detection model based on commonsense knowledge and sur-
rounding environmental information to find the tweets sent by users regarding a particular
event. In the commonsense knowledge module, we have extended the ordinary BiLSTM
to better and more effectively integrate emotional commonsense when the sequence is
encoded into a vector. Additionally, we added the topic information and the users’ neigh-
bors” information into the model. At the same time, we propose an attention mechanism to
better integrate history content and social contextual information. Finally, we use a softmax
layer for the stance classification of user information. Compared with ordinary tweet-level
stance detection, our model can automatically track stances related to topics. In order to
verify the effectiveness of our model, we conduct numerous experiments on two Twitter
datasets, BREXIT and ELECTION. Experimental verification shows that our model has a
significant improvement in accuracy compared with the baseline method. To verify the
effectiveness of the modules in the model, we conducted ablation experiments to show
that external commonsense knowledge and neighbor information has a specific effect on
improving stance detection performance.
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In our research, we only discussed a small number of eigenvalues. Although our
model is significantly better than several other baseline methods, this method still has much
room for improvement on the model. In future work, we will consider more representative
feature values and compare their performance. In addition, we will also consider adopting
new deep learning methods to improve the performance of stance detection.
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