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Abstract Twitter, as one of the largest Online Social Network (OSN) plat-
forms, is a popular media for online social communication and information
dissemination. The trustworthy evaluation of information and people becomes
crucial for maintaining an open and healthy OSN for our society. In this work,
we develop a Coupled Dual Networks Trust Ranking (CoRank) method to
evaluate the trustworthiness of users and tweets by analysing user/tweet be-
haviours on Twitter. We propose a model to capture the complex character-
istics and relations of both users and tweets and calculate their trust values.
Our approach goes beyond the existing solutions that use a single network to
link both users and tweets. A set of experiments have been conducted against
the real data collected from Twitter. The experimental results show the effec-
tiveness, robustness, and time complexity of the proposed method. We also
compare our solution with three baseline methods PageRank, TURank, and
Weighted PageRank, to show how our approach outperforms the existing ones.
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1 Introduction

Nowadays people can easily get in touch with others via various online social
network (OSN) platforms, such as Twitter, Facebook, and Snapchat. These
platforms allow people to communicate in various ways, e.g., spreading news,
posting personal thoughts and feelings, and sharing photos. Today there are
around 6,000 tweets, on average, generated on Twitter every second, and the
number of monthly active users has reached more than 300 million worldwide
[25]. The rapid growth of Twitter has brought significant changes to people’s
life: people rely more and more on OSN such as Twitter to get news and
information and make decisions. However we have seen more and more un-
truthful and misleading information spread on Twitter. Therefore it becomes
a pressing matter to have mechanisms in place for people to evaluate the trust-
worthiness of users and information and to build a healthy social and business
environment on OSNs.

In order to evaluate the trustworthiness of posts and people on OSN, we can
utilise the available information around them. For instance on Twitter, for
users, we can get their followers, the tweets they post, and the posts that
mention the users; for tweets, we can get their retweets, replies, and contents.
Intuitively we can use these information as the base to build a network in
which hopefully trust on users and information can be evaluated. Questions
are raised: (1) how this network shall be established; (2) how the values of the
nodes and edges are determined and calculated to get the trust values of the
people and tweets; and (3) how the trust of people and the trust of their posts
impact each other’s trust value.

Trustworthiness of users and the information produced by users has attracted
significant attentions in recent years. Existing mechanisms of trust evaluation
can be classified into two main categories: sentiment-based trust evaluation [15,
37] and social graph-based trust evaluation [13]. The former focuses on evalu-
ating the credibility of tweets by analysing their contents. This type of work
generally extracts features from tweet contents and train various classifiers
to identify the credible and incredible tweets [15]. Some of the content based
approaches also consider social relationships to assist in trust evaluation [37].
The social graph based methods generally focus on trust rankings of users
and tweets by modeling social network structure through the interactions be-
tween/among users and tweets [20,35]. This type of ranking methods have also
been used for user influence evaluation [12]. The graph-based methods have
investigated contextual information in trust ranking to build a hybrid model
for inferring user and tweet trustworthiness [6,9,32]. Twitter network consists
of complex user and tweet relationships that make it a challenge to evaluate
the trustworthiness of users and tweets as well as to discover the trustwor-
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thy links between them. The effectiveness of both types of trust evaluation
is affected by the sufficiency and comprehensiveness of the Twitter network
model. Network models with a single type of user/tweet interactions, such as
follow relations, have been proved to be insufficient [8]. The the characteris-
tics of users and tweets are very different in terms of their trustworthiness
distributions and their connecting features in the network. Most of the exist-
ing methods do not consider the user network and tweet network separately.
Some work has attempted to separate these two networks, however, these two
networks and their coupling have not been considered properly. For example,
in [36], trust values of users and tweets are calculated by a simple summation
of raw data without employing a suitable mapping function and their scales
have not been adjusted properly. Therefore, the results are dominated by the
users and tweets with high trust values and cannot properly reflect the trust
degrees of users and tweets in different trustworthy ranges [23]. Building a so-
phisticated network model that captures the characteristics and relationships
of both users and tweets behaviours is the first step towards effective trust
calculation, which paves the way for developing any advanced trust evaluation
mechanisms including contents and context analysis.

In this work, we are inspired by the collaborative trust concept in PageRank
[27]: “if a page was mentioned by a trustworthy or authoritative source, it is
more likely to be trustworthy or authoritative”. We use the basic assumptions:
(1) a user connected with more trustworthy users and tweets is more trust-
worthy; and (2) a tweet posted by a more trustworthy user and connected
with more trustworthy tweets is more trustworthy. With these assumptions,
we develop a Coupled Dual Networks Trust Ranking (CoRank) method to
evaluate the trust values of the involved users and tweets. More specifically,
we construct a user network and a tweet network which are coupled with each
other. The user network is built with follow relation. The tweet network is
built with retweet and reply relations. The user network and tweet network
are coupled by mention and bipartite post relations. With this CoRank model,
we are able to calculate the trust values of users and tweets separately, and
then consider the coupling effect explicitly. Formulas are developed to calcu-
late the trust values of users and tweets by updating them with each other.
The calculation is carried out iteratively till it converges. We believe this sep-
aration and coupling of user network and tweet network is important. The
clarity and accuracy are demonstrated by the experimental results. Because
the formulas only capture the relatively quantitative relations between trust
values of users and tweets, it is necessary to map the calculated results to the
values representing trust degrees in each round. To achieve this target, the tra-
ditional method [36] uses the normalisation over sum as the mapping method.
With this method, trust values are dominated by the users and tweets with
high values, which is considered as the saturation effect, and the differences of
trust values of users/tweets with medium trust degrees have very limited im-
pact on the trust evaluation [23]. Therefore, we also propose functions to map
statistical numbers of interactions and actions to corresponding trust values
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to overcome the saturation effect. Using these mapping functions, the differ-
ences of trust values of users/tweets with medium trust degrees become more
important in trust evaluation.

The proposed model has an clear expressive power to separate the trust values
of users/tweets with different statistical natures. Furthermore, the model also
provides how to consider the coupling effect between user network and tweet
network. The separate mapping functions for users and tweets bring in another
key contribution of this work.

In [23], we reported our preliminary results of CoRank on a real-world Twitter
dataset. In this paper, we provide a comprehensive description and analysis
of the proposed CoRank approach with several major extensions including
(1) adding functions to scale the sum of the weighted values over the related
nodes in each network for a specific user or tweet in the trust value calcula-
tion, (2) redesigning the Sigmoid mapping method in a more concise way, (3)
adding the detailed implementation steps of the CoRank approach and the
Sigmoid mapping method, (4) providing statistical analysis of the Tasmania
dataset which, in particular, focuses on retweets, replies and mention tweets,
(5) adding a detailed description of the ground truth setting, (6) providing a
discussion of the evaluation metrics and parameters justification, (7) provid-
ing theoretical analysis of the time complexity of the proposed algorithm, (8)
performing additional analysis on CoRank convergence verification and rank
correlation comparison, (9) providing additional experimental results of com-
parison with three baseline methods, PageRank, TURank [35], and Weighted
PageRank (WPR) [34], (10) providing experimental results of the scalabilty
of our propose algorithm, and finally (11) providing a more comprehensive
review of the relevant literature.

The major contributions of this work are summarised as follows:

• We propose a coupled dual networks model to evaluate the trustworthiness
of users and tweets. This model includes a user network and a tweet network
which are coupled with each other. This model provides the capability to
explicitly evaluate the trust values of users and tweets in different networks
that are coupled with each other. The two coupled networks are used to
calculate trust values in an iterative manner.

• We develop functions to map the statistical numbers of interactions/actions
of users/tweets to trust values indicating the relevant trust degrees. These
mapping functions consider the distribution of the statistical numbers of
interactions/actions of users/tweets and assign trust values in a more rea-
sonable way comparing with existing solutions.

• We develop an approach to calculate the trust values of users and tweets
and conduct a set of experiments against real world data. The experimental
results show that the proposed approach outperforms several well-known
methods as PageRank, TURank, and WPR in terms of accuracy. We have
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Fig. 1: A coupled twitter network model.

achieved approximately 12.8%, 10.9%, and 22.5% accuracy improvement
comparing with the three baseline methods respectively.

The rest of the paper is organised as follows. Section 2 introduces a coupled
dual networks model to represent the relations among the users and their
tweets. Section 3 explains the CoRank trust ranking method. Section 4 analy-
ses and discusses the experimental results. Section 5 reviews the related work.
Section 6 concludes the work in the paper.

2 Coupled Dual Networks Model

The characteristics of users and tweets are very different in terms of their
trustworthiness distributions and their connecting features in the network.
However most of the existing methods do not consider the trustworthiness of
users and tweets separately. In this paper, we construct a coupled network
with a user network and a tweet network. The user network is built with users
as nodes and follow relation as edges. The tweet network is built with tweets
as nodes and interactions including retweets and replies as edges. These two
networks are coupled with each other by actions including post and mention.
Figure 1 illustrates the coupled dual networks model.

The user network is represented as a directed graph GU = (U,Eu), where U are
nodes representing users, and Eu are edges representing follow relation among
users. A directed edge eu 〈ui, uj〉 ∈ Eu represents that a user ui follows a user
uj , where ui, uj ∈ U . A tweet network has tweets as nodes and interactions
between them as edges. The interactions include retweet and reply. The tweet
network is represented as a directed graph GT = (T,Et), where T are nodes
representing tweets and Et are edges representing interactions between tweets.
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A directed edge et 〈ti, tj〉 ∈ Et stands for a tweet ti retweets or replies to
tj , where ti, tj ∈ T . These two networks are coupled by mention and post.
Let Ec be the set with all edges that couple these two networks. A directed
edge ep 〈ui, tk〉 stands for that a user ui posts a tweet tk; a directed edge
ep′ 〈tk, ui〉 stands for that a tweet tk is posted by a user ui; a directed edge
em 〈tk, ui〉 stands for that a tweet tk mentions a user ui, where ui ∈ U, tk ∈
T, {ep 〈ui, tk〉 , ep′ 〈tk, ui〉 , em 〈tk, ui〉} ∈ Ec.

It is worth noting that any user can follow, mention, retweet and reply to
many trustworthy users, but the number of users he/she interacts with will not
reflect how trustworthy he/she is. Therefore, we only consider the interactions
in the direction from the action initiator to the ones he/she interacts with.
But for the post actions, we consider the edges in both directions of user to
tweet and tweet to user. This is because when a user posts a tweet, this tweet
inherits the trustworthiness from the user. If this tweet is retweeted or replied
by other trustworthy users, it also propagates corresponding trustworthiness
back to its owner. These two edge types with reverse directions are known
as post and posted edge. In the coupled user network and tweet network, the
in-degree edges of each node are the incoming directed edges of this node. The
trust value of this node will be affected by the trust values of nodes on the
other side of these edges. The out-degree edges of each node are the outgoing
directed edges of this node. The trust value of this node will affect the trust
values of nodes on the other side of these edges.

3 CoRank Trust Evaluation

Based on the above model, we develop a coupled dual networks trust ranking
(CoRank) method to evaluate the trust values of users and tweets. Figure 2
shows the major stages. Let vector X and Y denote the trust values of users
and tweets respectively. These two vectors will be iteratively updated via sev-
eral processing stages. At the first stage, user trust values are calculated with
matrices U and M, and tweet trust values are calculated with matrices N
and V. Matrix U represents the weights of follow edges between users. Ma-
trix M represents the weights of mention and posted edges between tweets and
users. Matrix N represents the weights of post edges between users and tweets.
Matrix V represents the weights of retweet and reply edges between tweets.
Details of these matrices are described in Section 3.1. At stage two, with the
outputs of stage one as input, mapping functions are used to transform the cal-
culated statistical numbers to corresponding trust values of users and tweets.
At stage three, the convergence is checked for completing the calculation or
entering next round calculation.
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Fig. 2: Process of CoRank. User trust values X and tweet trust values Y are firstly
calculated based on both their values and peer values with weight matrices U , M , N and V .
These matrices consist of weights for different relations between/among users and tweets.
The calculated statistical numbers are then mapped to values representing various trust
degrees using mapping functions in the second stage. In the last stage, the convergence is
checked to determine if the calculation is completed or the next round calculation is needed.

3.1 Calculation Based on Coupled Networks

We use X to represent the trust values of users, and Y to represent the trust
values of tweets. We specify a set of matrices to quantify relations involved in
the trust evaluation as follows:

• Matrix U with size |U | × |U | represents the trust values of users inherited
from other users who follow them. If ui is followed by uj , ui,j = wf where
wf is the weight of the follow edge eu 〈uj , ui〉 between the two users in the
user network.

• Matrix V with size |T | × |T | represents trust values of tweets obtained
according to retweet and reply relations. If ti is retweeted by tj , vi,j = wrt,
where wrt is the weight of the retweet edge et 〈tj , ti〉 between ti and tj . If
ti is replied by tj , vi,j = wrp, where wrp is the weight of the reply edge
et 〈tj , ti〉 between ti and tj .

• Matrix M with size |U | × |T | represents trust values of users obtained ac-
cording to tweets that mention them or posted by them. If ui is mentioned
by tj , mi,j = wm, where wm is the weight of the mention edge em 〈tj , ui〉
between ui and tj . If ui posts tj , mi,j = wp, where wp is the weight of the
posted edge ep′ 〈tj , ui〉 between ui and tj .



8 Peiyao Li et al.

• Matrix N with size |T | × |U | represents trust values of tweets obtained
according to users who post them. If ti is posted by uj , ni,j = wu, where
wu is the weight of the post edge ep 〈uj , ti〉 between ti and uj .

The weights of edges are evaluated based on the characteristics of different
relations between/among users and tweets. We will provide detailed discus-
sions in Section 3.2. Based on the above matrices, we build up the following
equations to calculate X and Y :

xi = αF(
∑
j

ui,jxj) + (1− α)F(
∑
k

mi,kyk) (1)

yi = βF(
∑
j

ni,jyj) + (1− β)F(vi,kxk) (2)

where α and β are control parameters to specify the relative contributions
of users and tweets; (xi, xj , xk) ∈ X, (yi, yj , yk) ∈ Y , ui,j ∈ U , mi,k ∈ M ,
ni,j ∈ N , and vi,k ∈ V . Function F( ) scales the sum of the weighted values
over related nodes in each network for a specific user or tweet. In this work,
we use logarithmic function as F( ) to scale the values.

3.2 Weights of Different Edges

In the coupled user network and tweet network, trust values of nodes are eval-
uated according to the trust values of nodes linked with them. It is necessary
to judge the relative contributions of different edges when evaluating the trust
values of users and tweets in the coupled network.

3.2.1 Weights of Edges between Users

The user network only contains follow edges. To evaluate the weight of each
follow edge, we firstly analyse the follow relation between users. Let Oui be the
number of users following user ui, and Rui

be the number of users followed by
user ui. Users with a high degree of trustworthiness in real-world normally have
large numbers of followers, such as celebrities, politicians, and etc. However,
these users with a large number of followers may have small Rui . Intuitively,
the more followers a user has, the more trustworthy he/she is. However, it is
improper to evaluate one’s trust ranking just based on follower numbers. A
spammer can easily attract a large number of followers by following a huge
number of users. This phenomenon is known as an unwritten etiquette on
Twitter. It is believed that to follow someone who is following you shows a
good manner [13]. Therefore, spammers and marketers can take advantage
of this practice and manipulate their trust rankings. To deal with this, we
calculate the weights of in-degree follow edges for a user ui as follows:

wf =
Oui

Oui +Rui − Cui

(3)



Let’s CoRank: Trust of Users and Tweets on Social Networks 9

Here, Cui is the number of ui’s followers who are also followed by ui. This
weight represents the proportion of one’s followers among all the users linked
with this user.

3.2.2 Weights of Edges between Tweets

The tweet nodes in the tweet network are linked by edges including reply and
retweet edges. If tj retweets ti, it inherits all the content of ti; while if tj replies
to ti, tj is linked with ti but can be different from ti. So we set wrt = 1.0 for
the retweet edge and wrp = 0.5 for the reply edge. We also notice that a user
ui can receive many retweets or replies from the same user uj , which can lead
to multiple folds of trust values being contributed to ui from uj . To deal with
this phenomenon, we store all the retweets to ui from uj in a tweet set Rrti,j
and all replies to ui from uj in Rrpi,j , where the user uj posts the tweet tj .

Then, we recalculate the weight as wrt = wrt/|Rrti,j | if the action is retweet
and wrp = wrp/|Rrpi,j | if the action is reply.

3.2.3 Weights of Edges between Users and Tweets

There are three types of edges coupling the user network and the tweet net-
work. They are mention, post, and posted edges. In Twitter, a user can post a
tweet that mentions other users in the purpose of bringing the attentions from
the mentioned ones. If user ui has been mentioned by more trustworthy tweets
than user uj , then we consider ui to be more trustworthy than uj . However, in
reality, a user could intentionally mention a large number of users expecting
that the mentioned users would mention back. This type of mention interac-
tions can often be observed in conversations. The weight wm of mention edges
is bigger if a user receives more mentions than the user mentions others. we
calculate the weight as follows:

wm =
Mui

Mui
+M ′ui

(4)

where Mui is the number of tweets mentioning ui, and M ′ui
is the number of

mention tweets posted by ui. If ui is mentioned by a tweet posted by uj , the
weight of the mention edge between ui and this mention tweet is divided by
the number of tweets mentioning ui that are posted by uj .

A tweet is more trustworthy when it is posted by a more trustworthy user. We
set wu = 1.0, which means the trust values of tweets inherit the trust values of
users who post them, and contribute to other tweets or users in the calculation
of their trust values. In this way, we can guarantee the users and/or tweets
linked by more trustworthy users or tweets are given comparatively higher
trust values. If ui posts tj and tj is retweeted or replied by other tweets, we
set wp = 1.0, otherwise wp = 0.0. This is because only the tweets posted by
ui that are interacted by other tweets contribute to the trust value of ui.
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Fig. 3: Comparing trust values before and after mapping.

3.3 Sigmoid Mapping

Trust values of users and tweets are calculated using Eq. (1) and (2). However,
these two formulas only capture the relatively quantitative relations between
the trust values of users and tweets. It is necessary to map X and Y to
the values that represent the trust degrees. The widely used normalisation
over sum makes users and tweets with high trust values dominate the trust
evaluation. The impact of users and tweets with medium trust degrees are not
evaluated properly. The trust values calculation should follow the principles:

• As a saturation effect, linking with more trustworthy nodes will not signif-
icantly change the trust value of a node with a very high trust degree.

• Removing links from a node with a very low trust degree will not signifi-
cantly reduce the trust value of the node.

• The trust value of a node with a medium trust degree will be significantly
affected when trustworthy nodes are linked or unlinked with this node.

We employ the Sigmoid function to map trust values to trust degrees based on
the principles discussed above. The Sigmoid function has the monotonically
increasing characteristics and maps real numbers in ( −∞, ∞ ) to values in
(0, 1). It has the form:

Sigmoid(xi) =
1

1 + e−k(xi−µ)
(5)

where k and µ are two parameters, which can be determined by the statistical
features of trust values of users and tweets. Let us take the process of calcu-
lating parameters of the Sigmoid function for user trust value mapping as an
example. Users are firstly ranked according to their trust values calculated by
Eq. (1). Note that, there are users who have very limited relations with other
users and tweets. Given a threshold τu, we exclude those users (in group G0)
who have trust values smaller than or equal to τu. Then, among the rest of the
users, we group users in the γ1 fraction from the bottom of the ranking list
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into group G1; put users in γ2 fraction from the top of the ranking list into
group G3; put other users into group G2. Let λ1 be the maximum value of the
trust values of users in G1 and λ2 be the minimum value of the trust values
of users in G3. We use the following equations to calculate the parameters k
and µ in the Sigmoid function for user trust value mapping:

γ1 = f(λ1), γ2 = 1− f(λ2) (6)

Here function f() is the Sigmoid function. Figure 3 shows the user trust values
before and after mapping. Algorithm 1 shows detailed steps used to compute
parameters k and µ of the Sigmoid function and adjust trust values of users.
We map trust values of tweets in the same way.

Algorithm 1: User Trust Value Adjustment by Sigmoid Mapping

1 Function SigMapping(Xq , γ1, γ2, τu)
2 sort all elements in Xq in ascent order and store the sorted values in G;
3 foreach gm in G do
4 if gm > τu then
5 put gm in ElementSet G∗;

6 else
7 put gm in ElementSet G0;

8 N∗ = |G∗|;
9 sort all elements of G∗ in ascent order;

10 put the bottom bγ1 ×N∗e number of elements in G∗ into ElementSet G1;
11 put the top bγ2 ×N∗e number of elements in G∗ into ElementSet G3;
12 λ1 = Max(G1);
13 λ2 = Min(G3);
14 take (γ1, λ1) and (γ2, λ2) into Eq. (6) to calculate k and µ for Eq. (5);
15 foreach xj in Xq do
16 map xj using Sigmoid function in Eq. (5) with calculated k and µ;

17 return Sigmoid mapped Xq ;

With the Sigmoid mapping, users and tweets with medium trust degrees will
obtain higher trust values comparing to that calculated by normalisation over
sum. The domination of users and tweets with high trust degrees is alleviated.
The Sigmoid mapping benefits users and tweets linked with a large number of
nodes with medium trust degrees.

3.4 Convergence Check

The Spearman’s Rank Correlation coefficient (SRCor), as shown in Eq.(7), has
been widely used to measure the difference between two rank sets [8].

ρ = 1− 6
∑

(ai − bi)2

N3 −N
(7)
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The ai and bi are the ranks of user ui among two ranking sets. This correlation
coefficient assesses monotonic relationships between the two variables without
being impacted by any other statistical nature of the variables. In our proposed
method, we recruit the same measurement scheme to determine the value
of ρ, which indicates the convergence of the trust ranks. Intuitively, if the
corresponding variables in Xq and Xq−1 have more similar ranks, the SRCor
value between the two sets is close to 1; otherwise, if the corresponding ranks
are dissimilar, the value is close to −1. Here q stands for the iteration round.
The same similarity measurement is also applied to the two tweet ranking sets
in consecutive iteration rounds.

So far, we have discussed all stages in the CoRank trust evaluation approach.
We summarise the CoRank trust evaluation method in Alg. 2.

Algorithm 2: CoRank Trust Evaluation

1 Function CoRankTrustRecursion(GU = (U,Eu), GT = (T,Et), Ec, εu, εt, α, β)
2 derive matrices U ,V ,M ,N based on GU , GT , Ec;

3 initialise vectors X0,Y 0 with all ones;
4 q = 1, δ = 10;
5 foreach loop do
6 foreach xi ∈ Xq , yi ∈ Y q do

7 xi = α log(
∑
j

ui,jxj + 1) + (1− α) log(
∑
k

mi,kyk + 1);

8 yi = β log(δ ×
∑
j

ni,jyj + 1) + (1− β) log(δ × vi,kxk + 1);

9 use mapping function SigMapping(Xq , γ1, γ2) to adjust user trust values;
10 use mapping function SigMapping(Y q , γ1, γ2) to adjust tweet trust values;

11 calculate user SRCor ρu with Xq and Xq−1;

12 calculate tweet SRCor ρt with Y q and Y q−1;
13 if ρu > εu and ρt > εt then
14 return (Xq ,Y q);

15 else
16 q = q + 1;

17 Xq = Xq−1;

18 Y q = Y q−1;

3.5 Algorithm Scalability

This subsection provides a theoretical analysis of the scalability of our pro-
posed algorithm. The proposed CoRank approach computes trust ranks of
users and tweets in an iterative manner. Let n be the total number of users. On
average, each user posts k number of tweets. Therefore, the number of tweets
is linearly associated with the number of users n. When analysing the time
complexity of the CoRank algorithm, we need to consider the execution time
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for processing both nodes and links in the coupled networks. There are O(n)
user nodes. There are O(n2) links. This is because when the number of users
changes, the corresponding tweets posted by those users also increase/decrease
linearly. However, the relational links representing user to user actions which
involve both user network and tweet network, such as mention, are O(n2).
When processing all nodes and their links, the execution time requires O(n3).
Due to the links are normally sparse, the actual execution time requires O(n2)
to O(n3).

4 Experiments and Results

In this section, we first provide the descriptions of the dataset and experiment
settings. Then we provide the details of a set of experiments and discuss the
experimental results to show the effectiveness of our approach and compare it
with baseline methods.

4.1 Dataset and Experiment Settings

In this sub section, we describe the dataset at first and then provide the
ground truth setting for experiments. We also provide the evaluation metrics
and discuss parameter settings in the experiments.

4.1.1 Dataset

We evaluate the proposed approach on a dataset that is built up with the
Tasmania society data collected from Twitter1. Tasmania is an island state
of Australia, which is geographically isolated. Most of users and tweets are
linked with each other in the same community. Within the community, people
are likely to have more interactions and relations; while the connectivity with
outside world can be less complex. Normally, if a community has rich connec-
tions linking with outside world, when cutting off the connections outside the
boundary of a dataset, it is unavoidable to introduce inaccuracy. Tasmania is
geographical isolated and the users and tweets have less outside connections.
Such a dataset has the inherent advantage when cutting off its outside con-
nections. We used the ”location” attribute in a user’s profile to determine if
a user belongs to the Tasmania (TAS) dataset. Then we manually checked
each user to further exclude users who are not related with Tasmania. In this
way, we have collected a total of 14,894 users. Based on the user set, we have
collected all the tweets posted by users in the Tasmania user group and the
total number of tweets is 8,401,895.

1 TAS dataset is available on GitHub: https://github.com/TrustEval/Twitter Tas dataset
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Among all the downloaded tweets, there are 979, 674 tweets that have interac-
tions with other tweets or users in the TAS dataset. The interactions include
mention, retweet, and reply. There are 412,475 pairs of follow relations among
the TAS user set. Among all users we collected in the TAS dataset, 10,379
active users are selected, and they are the ones that have been either 1) fol-
lowed by one or more than one users; 2) have been mentioned by at least one
tweet; 3) have posted one or more than one tweets that have been retweeted
or replied by other tweets in TAS dataset. Table 1 shows the statistics of the
Tasmania dataset.

Table 1: Statistics of Tasmania Dataset

Name Number Name Number
Total users 14,894 RTRP links 428,582
Active users 10,379 Mention links 459,938
Relation tweets 979,674 Follow links 412,475
Total tweets 8,401,895 Post(Posted) Links 8,401,895

We notice that some of the retweets and replies to a user have also been con-
sidered as mention tweets to the same user. This is because the text formats
of retweets and replies, which use “RT @username” and “@username” at the
beginning of a tweet, are the same as the notation of mention that considers
any text with “@username” as mention tweets. Thus, we remove the mention
edges from the tweets to the mentioned users if the tweets have already been
considered as retweets or replies to the same user. We calculate the percent-
age of retweets and replies that are posted by users’ followers among all the
retweets and replies, and we get 87.74%. Among all the retweets and replies
posted by users’ followers, there are 32.80% replies and 67.20% retweets. These
numbers show that people are not only interacting with their linked users via
retweets, but also having many interactions by conversational tweets as replies.
Therefore, it is important to consider the reply relation in the trust evaluation.
In the same way, we calculate the percentage of mention tweets that are not
posted by users’ followers, the result is 30.34%. This shows that users are not
always mentioned by their followers, which consequently, making mention a
non-negligible factor in trust evaluation.

4.1.2 Ground Truth and Evaluation Metrics

As trust has a subjective nature [17,33], it generally reflects subjective atti-
tudes of people based on various measurement criteria that may differ based
on people’s experiences. For evaluation proposes, we select a group of users
that are considered to be more trustworthy to this TAS dataset compared with
other users in this community group.

Firstly, a group of users are selected if they meet at least two of the three
conditions for active users defined in Section 4.1. This is because if a user has
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Table 2: Specifications of eight topic categories.

Category Specification
Political Tweets that include a political commentator, a political party, or are

discussing subjects of controversial political discussion [28].
Idiom Tweets that have conversational themes or been used to express the

state of minds.
Sports Tweets that contain sport teams, athletes, sport news, or related

events.
Technology Tweets that contain news, conferences, applications, systems, or de-

vices related with technology.
Entertainment Tweets consist of information about movies or TV shows, songs, con-

certs, art museums, or related events.
Tourism Tweets that are relevant to tourists, photos of Tasmania, tourism

information, or related events.
Environment Tweets that are relevant to sustainable development,

weather/climate conditions, wildlife, places related to environ-
mental studies, or related events.

Education Tweets contain names of education/research institutes, departments
in education institutes, subjects, degrees, or related people/events.

a small number of interactions with other users in the dataset, he/she is likely
to be less trustworthy according to the intuition of trust used in this work.
There are approximately 5, 000 selected users, who satisfy the above condition.
We invite ten examiners and train them to judge if users are trustworthy by
visiting their twitter websites. A user is considered to be trustworthy if the ex-
aminers confirm that he/she is not a spammer, marketer, or bot account, and
the tweets posted by him/her are meaningful. A meaningful tweet must not
only contain URLs or pictures, and its content is under one of the eight general
topics, such as “Political”, “Idiom”, “Sports”, and “Technology”. By manually
inspecting the extracted hashtags, we defined another four categories, “Enter-
tainment”, “Tourism”, “Environment”, and “Education”. These eight topics
are the most common ones in the TAS dataset. In [28], the authors defined
similar topic categories when analysing information diffusion. Table 2 shows
the descriptions of these eight topic categories, which are provided for the
examiners as guidance when they determine the trustworthiness of a user. In
such a way, we select 4, 766 users that are considered to be more trustworthy
in the Tasmania community. We assign binary labels to the TAS user dataset:
positive labels are given to the selected trustworthy users, and negative labels
are given to rest of the users in the dataset. A trust evaluation method is con-
sidered to be more effective if it gives higher ranks to the users with positive
labels than the other users with negative labels.

We adopt the evaluation method that has been used in [18], which considers a
ranking approach is better if it gives higher ranks to the positive labels than
those given to the negative ones. The percentage of positive labelled users
among the top N ranked users by a ranking method is used to measure the
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adequacy of this method. So we have:

Adequacy =
|U∗ ∩ U†|
|U†|

(8)

where U∗ is the set of users with positive labels; U† is the set of top N users
on the ranking list.

4.1.3 Parameters

In [23], the parameters are set as α = 0.4 and β = 0.6 in Eq. (1) and (2).
This setting gives more weights to the tweet related activities. This is because
the study in [8] has shown that users who have been mentioned or retweeted
by more tweets are more important than the users who have more followers.
In this work, we propose a more logical and statistical way to justify the
parameters of α and β according to the statistical analysis of the real data.

When we calculate a user’s trust value with Eq. (1), α controls the related
contributions of trust values from users and tweets. If α is bigger than 0.5,
the trust values of a user’s followers will affect more of this user’s trust de-
gree; otherwise, the trust values of retweets, replies and mention tweets of this
user will affect more of the user’s trust degree. As mentioned in section 3.2,
there is a unique etiquette on Twitter that users are likely to follow back new
followers. This can be used by untrustworthy users to increase their follower
counts by following a massive amount of users [14,10]. To alleviate the effect of
this phenomenon, when calculating trust values of users, we only consider the
followers of a user who have interacted with this user. We calculate α based
on the average percentage of active followers of the users in TAS dataset as:

α =
1

|U |
∑
i

|FOAi |
|FOi|

(9)

where FOAi denotes the set of active followers of user ui; FOi denotes the set
of ui’s followers. We get α ≈ 0.2.

The trust value of a tweet is calculated by Eq. (2). The β controls the related
contributions of trust values from tweets and users. When β is bigger than
0.5, the trust values of retweets and replies to a tweet is considered more when
calculating the trust degree of this tweet; otherwise, the user who posts this
tweet is considered more when determining the trust degree of this tweet. In
Twitter, each tweet is posted by one and only one user, but the number of
tweets that associated with one tweet by retweet and/or reply relation can
vary depending on different situation. In this work, we consider β representing
the ratio of the average number of tweets associated with a tweet to the sum
of the average number of tweets and the average number of users associated
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(a) MSEs of user trust values.
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(b) MSEs of tweet trust values.

Fig. 4: Mean square errors of user and tweet trust values in different iterations.

with a tweet. We calculate wt as the average number of tweets that are likely
to interact with one tweet. The formula is:

wt =

∑
i |REi|
|T |

(10)

where REi is the set of retweets and replies to tweet ti. The value of β is
calculated by:

β =
wt

wt + 1
(11)

The average number of users associated with one tweet is always one, which
is due to the fact that a tweet is always associated with its owner by the post
relation. Therefore, we have β ≈ 0.6.

4.1.4 Convergence

We set both γ1 and γ2 (see Section 3.3) to value 0.1 in the experiments. We
set both εu and εt to value 0.9999 in Alg. 2. We calculate the mean square
errors (MSEs) of the trust values of users and tweets between two consecutive
rounds in the calculation and show the results in Fig. 4. Both the trust values
of users and that of tweets converge quickly, and their MSEs become close to
zero after six rounds of iteration in our experiments.
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Table 3: Details of top 10 users calculated by CoRank (Fo: number of followers;
Po: number of tweets posted by the user; RTRP: number of tweets that retweet or reply to
the user; Men: number of tweets that mention the user)

Rank Name Type Fo Po RTRP Men

1 Discover Tasmania Tourism 2848 8824 8387 11087
2 ABC News Tasmania News Media 3545 6188 8544 6890
3 The Mercury News Media 2892 3037 2799 9314
4 University Of Tasmania Education 1771 3431 3343 8174
5 Alex Johnston Sports Star 1247 3443 2304 6007
6 Will Hodgman MP Politician 1581 1854 1513 3651
7 Tasmania Police Government 2134 2833 2758 2446
8 Cricket Tasmania Sports 1416 3314 3062 3774
9 Lara Giddings Politician 1485 1655 1170 2040
10 Brand Tasmania Tourism 1995 2811 2604 1509

Table 4: Details of three users with similar numbers of in-degree links

Followers Posts Mention Retweets Replies CoRank

User A 487 1092 867 2015 93 29
User B 523 584 148 2311 80 89

User C 224 366 2714 246 404 170

4.2 Effectiveness of CoRank

4.2.1 Reasonable Ranking

Table 3 shows the top 10 users according to their trust values calculated by
the proposed method. A smaller rank value indicates a higher rank. Majority
of these users are the official accounts of some organisations, such as news and
media, Tourism, educational institute, and etc. These ten top users have all
been followed by a large amount of users and posted tweets that have been
frequently retweeted or replied to. They also have been mentioned by a large
number of tweets. Not only the quantity of the related users and tweets of
these ten users is big, but also most of these related nodes have high ranks.
For example, the 10th user Brand Tasmania has got 59.88% of his followers
ranked at the top 30% of all the users. There are 79.71% of the users who
retweeted or replied to Brand Tasmania that are ranked in the same top
range. Furthermore, most of the users who post tweets that mention Brand
Tasmania are the ones with high trust values. Approximately 87.90% of them
are ranked at the top one-third of all the users.

Table 4 shows three users with similar numbers of in-degree links in the coupled
dual networks. With the privacy concern, we use User A, User B, and User
C to distinguish these users. User A and User B have both received a large
number of retweets. User C has been mentioned by a large number of tweets.
Apparently, the total numbers of nodes related to these three users are similar.
But they have received quite different ranks. We analyse all users and tweets
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Fig. 5: Distribution of ranks of (a) users’ followers, (b) tweets posted by users,
(c) tweets mention users, (d) tweets retweet or reply to users.

that are related to the trust values of these three users. Figure 5 shows the
numbers of linked users/tweets at different rank ranges. We use blue coloured
bars to represent data related to User A, red coloured bars for User B, and
yellow coloured bars for User C. Figure 5a shows the numbers of the three
users’ followers ranked in five rank ranges (1-3000, 3000-6000, 6000-9000, 9000-
12000, and 12000-15000). It shows that User A and B have been followed by
more high ranked users compared to that of User C. Figure 5b shows the
numbers of user posted tweets in different rank ranges. User A has posted
more tweets that have been ranked at the top 20 percent of the total 979, 674
tweets (tweets that have interactions with other tweets or users) than that
posted by the other two users. The distribution of the mention tweet ranks in
Fig. 5c shows that although User C has been mentioned by more tweets, but
most of these mention tweets (approximately 80%) have been ranked in the
bottom twenty percent of all the tweets. Figure 5d shows that both User A
and User B have received more retweets and replies that are ranked in higher
ranges compared to that of User C. Although User B has a larger number of
retweets and replies, but these retweets and replies are not as trustworthy as
those related to User A.
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Fig. 6: Distribution of ranks of (a) users who post tweets that mention the
three users, (b) users who post tweets that retweet or reply to the three users.

We evaluate the users who post tweets that mention the three users in Fig.
6a. Although there is a large number of tweets which mention User C, but the
number of users who post those tweets is smaller than the number of users who
mention User A. This is a common phenomenon on Twitter that one user often
receives multiple mention tweets from another user. We have paid attention
to this phenomenon and have handled the issue (see details in Section 3.2). In
Fig. 6b, the users who post tweets that retweet or reply to User B seem to
have higher ranks than those users who retweet or reply to User A and User
C. But the retweets and replies posted by these users may not have high trust
values (see Fig. 5d). This demonstrates that the trust values of tweets are not
only determined by the trust values of the tweet owners, but also are affected
by trust values of other tweets that related to them.

4.2.2 Advantage of Sigmoid Mapping

We apply the traditional mapping method, which uses normalisation over
sum, to replace the Sigmoid mapping method in the CoRank calculation. This
method is denoted as CoRankTraNorm. With this method, the user trust val-
ues X and tweet trust values Y calculated by Eq. (1) and (2) are normalised
by dividing their sums respectively. Let X′ and Y ′ be the normalised trust
values of users and tweets. We have

X′ = X/
∑

X (12)

Y ′ = Y /
∑

Y (13)

such that ||X′||1 = 1, ||Y ′||1 = 1. The values of X′ and Y ′ are used as inputs
to the next round of calculation until the ranks converge. This normalisation
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Table 5: Rank Correlation Comparison

Method Follower Post Mention RTRP Linked
CoRankTraNorm 0.8865 0.5980 0.6144 0.6184 0.7943
CoRank 0.8135 0.8346 0.7706 0.8315 0.8986

method has been widely used in existing work [35,36]. However with this nor-
malisation, users and tweets with high trust values will dominate the ranking.

Table 5 shows the SRCor values between user ranks calculated by the CoRank
approach and the CoRankTraNorm approach comparing with the ranks gen-
erated based on different statistics of users, respectively. These statistics in-
clude number of followers (Follower), number of user posted tweets that are
retweeted or replied (Post), number of tweets mention users (Mention), num-
ber of tweets retweet or reply to users (RTRP), and the total number of users
and tweets linked to the users (Linked).

CoRankTraNorm: Ranks by CoRankTraNorm are more correlated with the
ranks based on the numbers of followers. This is because trust values of users
and tweets are both normalised by their corresponding sums. As the total
number of users is much smaller than that of tweets, the normalised trust
values of users are comparatively bigger than that of tweets. With such a
setting, the trust values of users have dominated the ranking results.

CoRank: The ranks calculated by CoRank are more correlated with the ranks
based on the numbers of directly linked users and tweets. This is because
CoRank calculates trust values of users and tweets in different trust spaces
while utilising mapping methods to balance these trust values. We also notice
that the ranks are more correlated with the ranks based on the numbers of
posted tweets of the user that have been retweeted or replied. In the experi-
ments, the selected parameters α = 0.2 and β = 0.6 in Eq. (1) and (2) make
the tweet related interactions (retweeting and replying) have more impact on
trust evaluation than the follow relation. The values of the retweets and replies
indirectly affect the trust values of users through their posted tweets.

4.3 Comparison with Baseline Methods

4.3.1 Baseline Methods

This section provides a comparison between CoRank and three baseline meth-
ods, PageRank, TURank [35], and Weighted PageRank [34].

• PageRank (PR): It is a well-known baseline method that has been widely
used in numerous ranking applications.
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Fig. 7: Adequacy of top users with different methods.

• TURank: TURank is one of the early attempts that extend PageRank
based algorithm to OSNs. It considers user-user, user-tweet and tweet-
tweet relations, and uses one equation to update user nodes and tweet
nodes iteratively. The parameters of TURank are set according to [35].

• Weighted PageRank (WPR): WPR modifies PageRank’s weighting
method and calculates the edge weights based on the in-degree and out-
degree status of each node and its connected nodes.

Both PageRank and WPR only consider follow relation. TURank considers
follow, post, posted and retweet relations. All the baseline methods construct
one network with user nodes or user nodes and tweet nodes, and perform a
normalisation over all nodes. CoRank constructs a user network and a tweet
network which are coupled by post, posted and mention relations between users
and tweets.

4.3.2 Adequacy Comparison

Most of top 1, 000 users selected by the baseline methods, namely, TURank,
PR and WPR, are the same as those selected by our CoRank method. Figure 7
shows the adequacy of these methods in five top ranges (top 1000, 2000, 3000,
4000, 5000). CoRank has outperformed all the other baseline methods in the
adequacy of all five ranges. WPR has the lowest rates compared with other
methods. We compare our proposed CoRank with PageRank and TURank,
and explain the reasons of why the proposed CoRank approach achieves better
results than the other baseline methods.



Let’s CoRank: Trust of Users and Tweets on Social Networks 23

Table 6: Statistics and ranks of users by PageRank, TURank and CoRank.

User Follower Posts Mention Retweets PR TURank CoRank
User D 1058 2159 1247 1325 46 36 16
User E 1222 2893 711 707 39 41 41
User F 70 2140 401 38 1053 1127 455
User G 55 219 11 36 1451 2822 1324
User H 1 378 1 1 4988 1478 9980
User I 1 3224 0 1 4948 1301 10340

Some users in the TAS dataset have been abnormally ranked by PageRank
and TURank. With CoRank, these users will receive reasonable ranks. Some
anomalies shown in Table 6 are discussed as follows:

PageRank is dominated by follow relation. Table 6 shows User E with
a higher rank than that of User D when only considering follow relation in
PageRank. TURank and CoRank have assigned User E with a lower rank than
User D because User E has been mentioned and retweeted by less tweets.

PageRank and TURank have not considered mention. Mention is
an important feature on Twitter which should be considered in trust eval-
uation. None of PageRank or TURank has considered mention relation. Users
with large numbers of mentions from trustworthy users are under-ranked in
PageRank and TURank, in particular when these users have small numbers
of followers and retweets. For example, User F has 38 retweets and more than
400 mentions. Both TURank and PageRank rank this user out of the top 1000
most trustworthy users. With CoRank, this user is ranked within the top 500
users.

TURank uses an inappropriate weighting method. With TURank, the
weight of each follow link of a user has been divided by the total number of
users followed by this user. The trust value of a user followed by a trustworthy
user becomes smaller when more users are followed by this user. The weight of
each post link of a user has been divided by the total number of tweets posted
by this user. The trust value of a tweet posted by a trustworthy user becomes
smaller when more tweets are posted by this user. The corresponding trust
values of linked users and tweets are under evaluated. For example, User G
has 55 followers including the top one user ranked by all three methods, and
58.18% of these followers fall in the top 1000 users ranked by TURank and
CoRank. User G also has 36 retweets and most of these retweets are ranked
high. User H and User I only follow and interact with each other but both
of them have been ranked quite high with TURank. Comparing with them,
User G is ranked much lower by TURank. This is due to the inappropriate
weighting method that benefits users who have limited interactions with a
small number of users. Overall, with TURank, approximately 10% of the top
5000 users only have limited interactions with a single user.
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Table 7: Statistics of two users and their ranks calculated by different methods.

User Fo Men RTRP CoRank PageRank WPR TURank
User-J 3 15 0 3059 7562 8731 7903
User-K 3 0 0 6676 6673 3977 6154

4.3.3 Effectiveness of Link Weight Calculation in CoRank

The existing network topology based ranking approaches use a common method
to calculate the weights of links. This method divides the weight of each out-
degree link of a node over the total number of the same typed out-degree
links of this node. For example, PageRank is originally designed to calculate
the popularity of a web-page. The popularity value of one page is propagated
evenly to it’s hyper-links. That says, each hyper-link inherits 1/n potion of
its parent page’s popularity value, where n is the total number of hyper-links
the parent page possesses. Most PageRank-like approaches utilise this concept
to calculate the propagation of the values from one node to others. However,
when it comes to trust evaluation, the trust values should not be calculated in
such a way. There is no necessity to reduce the trust value contributed from
one user to each of the user’s friends (followed by this user) when this user
follows more people. That says, when a user follows someone, he/she most
likely initiates the interaction based on his/her interests to this user, or their
relations in the real world. Therefore, we need to consider the intention behind
follow action when calculating the weights of follow links.

Our proposed weight settings in Section 3.2 for different link types have shown
the advantage in trust evaluation compared with the weighting methods used
in PageRank-like ranking methods, such as PageRank, WPR, and TURank.
Table 7 and 8 show the ranks/statistics of two users and their followers. We
analyse how our proposed weight settings outperform that used by baseline
methods. In table 7, both User-J and User-K have three followers. User-J
has been mentioned by more tweets than User-K, and they both have no reply
or retweet from others. CoRank gave a higher rank to User-J than User-K.
However, the other ranking methods have ranked User-K higher than User-J.
Despite the mention factor, when evaluating which user is more trustworthy,
we focus on analysing the followers of each user to see whose followers are more
trustworthy. This is based on that all the baseline ranking methods agree with
the trust principle that if a user is followed by more trustworthy users, this
user is more trustworthy.

In Table 8, the top three users are the followers of User-J, and the bottom
three users are the followers of User-K. We have listed the numbers of friends
that followed by these users, and also presented the ranks of these followers
calculated by different ranking methods. It is obvious that the average rank of
User-J ’s followers is higher than that of User-K ’s followers, which is agreed
by all the ranking methods. However, only CoRank ranked User-J higher
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Table 8: Statistics of followers and their ranks by different methods. J-Fo: A
Follower of User-J; K-Fo: A Follower of User-K.

User Friends CoRank PR WPR TURank

J-Fo-1 698 479 313 430 282
J-Fo-2 41 1397 1082 3434 2666
J-Fo-3 17 4611 2182 3390 5193

K-Fo-1 116 1277 1103 1107 748
K-Fo-2 208 4675 5510 6925 5304
K-Fo-3 7 4896 5702 7287 4816

than User-K. The other three baseline methods have incorrectly ranked User-
K higher than User-J. This is because PR and TURank have utilised weight
calculation methods that evenly divide one’s trust values by the number of out-
degree links when contributing to trust values of other linked nodes. Although
User-J ’s followers have higher ranks than User-K ’s followers, but User-J ’s
followers have followed a larger number of people than User-K ’s followers.
Using the weight calculation methods of PR and TURank, the trust values
contributed to User-J from his/her followers are significantly reduced because
of the large number of people these followers are connecting to. Therefore,
the trust value of User-J calculated by PR and TURank is smaller than that
of User-K. The weight calculation in WPR fails to evaluate the trustworthy
degrees due to measuring the importance of one node based on the numbers of
in-degree links and out-degree links. Comparatively, our proposed CoRank has
assigned low ranks to the users and tweets that have limited interactions with
others, which strictly follows the principles of trust as described in Section 1.

4.4 Time Complexity Analysis

In the subsection 3.5, we have shown that if n is the total number of users, the
execution time of our proposed algorithm will be in the order O(n2) to O(n3).
In this subsection, we conduct experiments with varies data sizes to evaluate
the time complexity of our proposed algorithm. We build up datasets with
different sizes based on the oritinal TAS dataset. First, we randomly select
one half of all the users in the TAS Dataset and the tweets that are related to
these users. We use “1/2 Dataset” in Table 9 to represent this setting and show
the relevant statistics. Then we further select a quarter of the original TAS
users and select the corresponding tweets related with these users. This setting
is denoted as “1/4 Dataset” . Table 9 shows that when the number of users,
n, varies, the time consumed by each iteration follows the time complexity as
discussed in 3.5. The time ratio btween Dataset and 1/2 Dataset is about 7.4
and the time ratio btween 1/2 Dataset and 1/4 Dataset is about 5.4. Both of
these two ratios falls in the range 4 to 8 (O(n2) to O(n3)).
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Table 9: Execution times of our algorithm on different data sizes based on the
original TAS dataset. Fo-Link: number of Follow links; Men-Link: number of Mention
links; RTRP-Link: number of Retweet and Reply links; Time: time used per iteration.

Test Data Users Tweets Fo-Link Men-Link RTRP-Link Time(s)
Dataset 14,894 979,674 412,475 459,938 428,582 1399.9
1/2 Dataset 7,447 403,244 213,370 102,698 102,140 188.4
1/4 Dataset 3,724 194,363 104,270 26,885 25,389 34.7

5 Related Work

Ranking nodes in a graphic network is an active research area and has many
applications in OSNs [35,29,20,30,23], Web page ranking [27,22,34], and rec-
ommendation systems [36]. PageRank [27] is the most well-known algorithm
used to rank web-pages. Based on the idea of PageRank, there have been a
wide variety of ranking approaches developed to rank nodes in different net-
works, such as Web spam detection [16], author and document ranking [4,38],
user and tweet ranking [20,26,35], user recommendation [2,21,36], and user
influence measurement [7,12,31,32]. These methods are commonly known as
PageRank-like algorithms. The PageRank algorithm was originally designed
to rank Web pages with the assumption that all the Web links have equal posi-
tive trust values [27], which did not always hold true in reality [16]. TrustRank
applied the basic link structure and trust transfer algorithm of PageRank to
determine the trustworthy Web pages and the spam pages. But different from
PageRank, TrustRank required a subset of seed pages that must be deter-
mined by human as the trusted pages [3]. The seed set selection is critical for
the effectiveness of TrustRank, which makes it difficult to be applied on social
networks.

Trustworthiness and influence of users or information are often studied to-
gether [12,19]. A few techniques have been developed to maximise the prop-
agation of useful information and prevent the spread of information from un-
reliable resources [1]. The work in [24,32] focuses on the follow relation with
an assumption that users followed by more people are more trustworthy. [8]
proves the insufficiency of only considering follow relations and shows how
both retweet and mention are significant for evaluating users’ influence and/or
trustworthiness. There is a range of methods that consider different types of
interactions in their models [35].

ObjectRank [4], as a PageRank-like algorithm, applies PageRank to solve the
problem in a graphic network that contains two types of nodes, namely au-
thors and documents. There are multiple types of edges between these nodes,
comparing to the one type of edge in the web network graph that PageRank
was applied to. Different weights are assigned to each kind of edges when cal-
culating the authority scores of nodes. Yamaguchi et al. [35] propose TURank
by utilising the basic network model in ObjectRank to rank users on Twitter.
This network is constructed with user nodes and tweet nodes. These nodes
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are linked by edges representing the retweet, post, posted, and follow relations
between/among them. Experimental results show that TURank can achieve
better results comparing with PageRank and HITS [22]. HITS is a ranking
algorithm proposed to rank web-pages by investigating the relations between
authoritative pages and hub pages. The HITS method has been incorporated
with the content information and the constraints of relevance in [11], which
is known as Co-HITS. [5] proposes a FadeRank algorithm which tries to im-
prove the TURank by considering the temporal features of interactions. In re-
cent years, topic information has been integrated to the graph network model
to evaluate trust based on topic similarities [32,37]. However, the majority
ranking approaches based on the PageRank framework consider the Twitter
network as one single graph network. The user nodes and tweet nodes are in
one vector when calculating their trust values and the normalisation is carried
out over all nodes. These approaches lack of the capacity to explicitly repre-
sent the different relations among users, among tweets, and between users and
tweets. They have not exploited all the important relations between users and
tweets, such as the mention relation. Most importantly in all these methods,
users and tweets have not been considered in separate networks and dealt with
differently in their own network while being coupled in each iteration, which
has been demonstrated the ineffectiveness in our experiment results.

Zhou et al. [38] propose a co-ranking method that ranks authors and docu-
ments by coupling two networks, namely, author network and document net-
work. The basic framework is also based on PageRank. This is the earliest
literature that attempts to separate the graph network as coupled networks.
Later in [36], the authors adopt the coupled networks framework and propose
a tweet recommendation method based on the coupled networks. The user
nodes and tweet nodes are stored in two separate vectors and update each
other in an iterative manner. These two papers have represented the heteroge-
neous network in a more explicit way by using coupled networks compared to
the traditional single network. However, both [38] and [36] utilise a normalisa-
tion method that will cause the values of one network dominating the overall
calculation. Different from these two work, our previous work [23] proposed
a method to deal with the coupling effects between user network and tweet
network. This method shows the effectiveness in ranking the trustworthiness
of users and tweets. Experimental results show the method is more efficient
in ranking the trustworthiness of users and tweets comparing with PageRank
and TURank.

The work presented in this paper builds on the preliminary result of [23]. We
propose a duel networks method CoRank for trust evaluation. The proposed
CoRank model has the capability to explicitly capture the contributions from
user-user, tweet-tweet and user-tweet interactions into trust evaluation for
users and tweets. The coupled networks allow us to update the trust values: us-
ing trust values of tweets to update the user trust values and vice versa till they
converge. This work also develops mapping functions to overcome the satura-
tion effect when transforming the statistical numbers of interactions/actions
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of users/tweets to trust values. These mapping functions consider the distri-
bution of the statistical numbers of interactions/actions of users/tweets and
assign trust values in a more reasonable way.

6 Conclusion

We have developed a coupled dual networks trust ranking approach with a
dual networks model, trust mapping functions, and weight assignments for var-
ious interactions. The trustworthiness of users and tweets can be calculated
with the proposed approach. The overall algorithm with detailed functions
and parameter justification methods has been developed and implemented.
A set of experiments has been conducted against the real data of Tasmania
users and tweets from Twitter platform (Tasmania is an island state of Aus-
tralia). We have compared our results with that of the well-known ranking
methods as PageRank, TURank, and Weight PageRank. We have also pro-
vided detailed discussion on a set of scenarios to show the effectiveness of our
proposed approach, particularly in the cases that are imperceptible with the
existing methods.

In the future, we will integrate interactions and tweet content to evaluate the
trustworthiness of users and tweets at a topic level. We will also investigate
the effect of temporal features of different interactions in the trust evaluation.
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