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CoTrRank: Trust Ranking on Twitter
Peiyao Li, Weiliang Zhao, Jian Yang, and Jia Wu

Abstract—Trust evaluation of people and information on social media is critical for maintaining a healthy online social environment.
How to evaluate the trustworthiness of users and tweets is challenging due to the complex and complicated relationships
between/among users and their posts. As existing approaches use a single network to represent users, posts, and their relationships,
they have the limitation to reflect the different statistical features of users and tweets, which has reduced the ability to determine the
trustworthiness of users and tweets. To address this issue, we develop a trust evaluation method that models users and tweets
separately in two networks that are coupled with each other via interactions. We provide mapping functions to map the statistical
numbers of actions of users/tweets to trust values that indicate their relevant trust degrees. The proposed method provides a
configurable solution that has the capability to consider the effects of users and tweets differently in different trust ranking situations. A
set of experiments are conducted against real data collected from Twitter. The experimental results show that the proposed approach is
more effective in trust evaluation compared with several baseline methods.

Index Terms—Coupled Dual Networks, Interactions, Complicated Relationships, Trust, Twitter, Coupling Effect

F

1 INTRODUCTION

TWITTER nowadays is a popular place for information
dissemination by people, business, and government

agencies. We see more and more cases when fake news
or deceptive information has caused wrong decision made,
financial loss and reputation damage. Thus it is imperative
to have mechanisms in place to evaluate the trustworthiness
of users and their tweets to provide a healthy online social
environment.

We can use trust values to represent the trust degrees
of users and tweets. The trust value of a user/tweet is
related with the trust values of the linked users and tweets
according to the first principles for trust: A user is more
trustworthy if he/she is mentioned by or posts more trust-
worthy tweets and has relations with more trustworthy
users; a tweet is more trustworthy if it is posted by a more
trustworthy user and retweeted/replied by more trustwor-
thy tweets. To effectively evaluate the trust values of users
and tweets, we need to consider: (1) how to model various
relationships among users and tweets that are coupled with
each other; (2) how to calculate the trust values of users and
tweets that are in different trust spaces; (3) how to map the
calculated raw trust values to the ones that properly reflect
the trust degrees of users and tweets.

Existing trust evaluation approaches can be classified
into content-based [1], [2], graph-based [3], [4], [5], and
graph-content hybrid methods [6], [7], [8]. The content-
based approaches focus on tweet sentiment analysis and
evaluate the credibility of tweet contents using feature
extraction and classification [1], [2]. The graph-based ap-
proaches concentrate more on network analysis [3], [4].
In the hybrid approaches, both sentiment analysis and
nepotistic relationship evaluation are utilised [9]. Network
models with a single type of user/tweet interactions, such as
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follow relations, have been proved to be insufficient. Study
in [10] has shown that the various interactions/relations
between/among users and tweets are critical in analysing
Twitter related problems, as they contain rich information
of the complicated social network environment. Quite a few
approaches have been developed to consider more inter-
actions including retweet [3] and mention [11]. Yamaguchi
et al. [3] propose TURank to rank users on Twitter by
constructing a network with user nodes and tweet nodes
linked by retweet, post, posted, and follow relations. They have
not considered the fact that the characteristics of users and
tweets are very different in terms of their trustworthiness
distributions and their connecting features in the network.
Therefore users and tweets need to be treated separately
on one hand and somehow interleaved on the other hand.
[12], [13] have proposed social network analysis approaches
based on coupled networks. [14] proposes a tweet recom-
mendation method based on coupled networks. However,
they utilise a normalisation method that causes the values of
one network dominating the overall calculation. As a result,
users and tweets with high trust values normally dominate
the results and the trust degrees of users and tweets in
the middle trustworthy range cannot be properly evaluated
[11].

In this work, we develop a trust evaluation approach
based on a coupled dual networks model with a config-
urable setting (CoTrRank) to measure the trustworthiness
of users and tweets. We put users and tweets in two net-
works and scrutinise the coupling effect between them. The
user network captures the follow relations between users;
the tweet network captures the retweet and reply relations
between tweets. These two networks are coupled by the
mention and bipartite post relations. Formulas are developed
to calculate the trust values of users and tweets by updating
them with each other. The calculation is carried out itera-
tively till it converges. 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
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round. To achieve this target, We first use the normalisation
over sum as the mapping method. With this method, trust
values are dominated by the users and tweets with high
values, the differences of trust values of users/tweets with
medium trust degrees have very limited impact on the trust
evaluation. Then we use a Sigmoid mapping method, in
which the differences of trust values of users/tweets with
medium trust degrees become more important in trust eval-
uation. We combine these two methods by a linear addition
with configurable weights. In such a way, we can control
the contributions from users/tweets with different trust
degrees according to different trust evaluation purposes. A
set of experiments have been conducted against the Twit-
ter data collected from Tasmania, Australia and we have
compared our results with that of baseline methods as In-
Degree, FollowerRank, Acquaintance-Affinity-Identification
[15], PageRank [16], Weighted PageRank [17], TURank [3],
and CoRank [11].

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. We model the
interactions/actions of users/tweets in separate networks
and consider the coupling effect between these dual net-
works.

• We develop functions to map the statistical numbers of
interactions/actions of users/tweets to values indicating
the relevant trust degrees. These mapping functions con-
sider the distribution of the statistical numbers of inter-
actions/actions of users/tweets in separate networks and
assign trust values in a more reasonable way comparing
with existing solutions.

• We develop a configurable approach for trust evalua-
tion by combining the values calculated by normalisation
over sum and Sigmoid mapping methods with weights.
These weights are used to control the contribution of
users/tweets with different trust degrees to the trust
value calculation based on their importance to the trust
evaluation problem.

The rest of the paper is organised as follows. Section 2
introduces the coupled dual networks model to represent
the relationships among the users and their tweets. Section
3 explains the CoTrRank trust ranking method. Section 4
analyses and discusses the experimental results. Section 5
concludes the paper.

2 TRUST NETWORK MODEL

2.1 Coupled User and Tweet Networks Model
In Twitter, there are user-user, tweet-tweet and user-tweet
relations, as shown in Fig. 1. These relations are built
up by a set of interactions including follow, post, posted,
mention, retweet, and reply. To explicitly analyse how these
interactions affect trust evaluation of users and tweets, we
construct a user network, a tweet network, and these two
networks are coupled with each other. The user network
Gu = (U,Eu) is built up with users as nodes and follow
relations as edges. The tweet network Gt = (T,Et) is built
up with tweets as nodes and retweet, reply relations as edges.
U and T are the sets of users nodes and tweet nodes. Eu

contains all the follow edges in the user network and Et

User
Network

Tweet
Network

Post PostedFollow Mention Retweet Reply

Fig. 1: A coupled twitter network model.

contains all the retweet and reply edges in the tweet network.
A directed edge euj,i ∈ Eu represents user uj follows user ui;
while a directed edge etj,i ∈ Et represents tweet tj retweets
or replies to tweet ti. The user network and tweet network
are coupled with each other by the mention and bipartite post
relations. We have edge setsElu that contains post edges and
Elp that contains posted and mention edges. A directed edge
eluj,i represents a user uj posts a tweet ti, e

lu
j,i ∈ Elu , and a

directed edge elpj,i represents tweet tj mentions or is posted
by user ui, e

lp
j,i ∈ Elp . In the next section, we will discuss

how to assign weights for different edge types.

2.2 Weight Analysis of Different Edges
2.2.1 Weights of Edges in User Network
We use a weight matrix M with size |U |x|U | to denote the
trust contributions to users from their followers. A weight
mi,j is assigned to edge euj,i. Let FOi be the set of followers
of ui and FRi be the set of users followed by ui. We have

mi,j =
|FOi|

|FOi ∪ FRi|
(1)

heremi,j represents the percentage of ui’s followers over the
total number of people who follow ui and/or are followed
by ui in the user network. This is to deal with the situation
when a user may attract many followers by following a huge
number of users [11].

2.2.2 Weights of Edges in Tweet Network
We use a weight matrix N with size |T |x|T | to denote the
trust contributions to tweets from their retweets or replies.
A weight ni,j is assigned to a retweet or reply edge etj,i.
In general, if ti is retweeted by tj , all the contents of ti are
inherited by tj , which indicates tj supports ti. However, if
ti is replied by tj , the contents of ti and tj are different,
so there is no indication of tj supporting ti. Let Hr be the
general weight of a retweet or reply link, r = 1 denotes the
retweet relation and r = 2 denotes the reply relation. We
set H1 = 1.0 and H2 = 0.5 for retweet and reply edges
respectively.

To control the impact of spam tweets, the contribution
of multiple retweets/replies is considered as the same of a
single retweet/reply between two users. For example, ui’s
tweets can be retweeted or replied by many tweets posted
by another user uk. Let Rri,k be the total number of tweets
posted by uk that act on the tweets posted by ui with
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Fig. 2: Process of CoTrRank trust evaluation.

relation r. We calculate the weight of a link between ti and
tk as ni,k = Hr/Rri,k, where ti and tk are posted by ui and
uk respectively. This method favors users who have been
replied or retweeted by more different users.

2.2.3 Weights of Edges between User and Tweet Networks
We use a weight matrix W with size |U |x|T | to denote the
trust contributions to users from the tweets that mention
them or posted by them. A weight wi,j is assigned to a
posted or mention edge elpj,i. If ui posts tj and tj is retweeted
or replied by other tweets, we set wi,j = 1.0, otherwise we
set wi,j = 0.0. In this way, only ui’s posts that are interacted
with by other tweets will be considered in the calculation of
the trust value of ui. If ui is mentioned by tj , we set

wi,j =
|MEi|

Si,j(|MEi|+ |UMi|)
(2)

here MEi is the set of tweets that mention ui, UMi is the
set of tweets posted by ui that mention other users, and
Si,j is the total number of tweets posted by user uj that
mention ui. The Si,j deals with situations when one user
is mentioned by many tweets posted by another user. The

|MEi| + |UMi| alleviates the effect that a user intentionally
mentions other users in order to increase the number of
tweets that mention him/her.

We use a matrix V with size |T |x|U | to denote the trust
contributions to tweets from users. A weight vi,j is assigned
to a post edge eluj,i. We set vi,j = 1.0 if ti has retweeted
or replied to other tweets, or has mentioned other users.
Otherwise, we set vi,j = 0.0.

3 TRUST EVALUATION

Based on above settings of the coupled network model, we
develop a coupled trust ranking method as shown in Fig.
2. Let X and Y be two vectors consisting of trust values of
users and tweets respectively. The trust values of xi and yi
are calculated based on trust values of other linked nodes
in multiple iterative rounds, xi ∈ X, yi ∈ Y . X and Y are
initialised with ones.

3.1 Calculation Based on Coupled Dual Networks
The proposed method considers the coupling effect between
the user network and tweet network. It evaluates the trust
values of users and tweets as follows:
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• A user ui’s trust value xi is calculated according to the
trust values of ui’s followers, the trust values of tweets
that are posted by ui, and the trust values of tweets that
mention ui;

• A tweet ti’s trust value yi is calculated according to the
trust values of tweets that retweet or reply to ti and the
trust value of the user who posts ti.

In this way, trust values of users and tweets are dependent
on each other based on the relations that couple these two
networks. We propose the following equations to calculate
trust values of each user and tweet:

xi = αF(
∑
j

mi,jxj) + (1− α)F(
∑
k

wi,kyk) (3)

yi = βF(
∑
j

ni,jyj) + (1− β)F(vi,kxk) (4)

where α and β are control parameters used to specify the rel-
ative contributions of users and tweets. Here, (xi, xj , xk) ∈
X , (yi, yj , yk) ∈ Y , mi,j ∈ M, wi,k ∈ W, ni,j ∈ N, and
vi,k ∈ V. The weight matrices M, W, N, and V have been
discussed in Section 2. Function F( ) scales the sum of the
weighted values over the related nodes in each network for
a specific user or tweet. In this work, we use logarithmic
function loge( ) as F( ) to scale the values.

Trust values of users and tweets are calculated using Eq.
(3) and (4). 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 method [3], [14] makes users and tweets with
high trust values dominate the trust evaluation. The trust
values calculation should follow the principles:
• As a saturation effect, linking with more trustworthy

nodes will not significantly 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 significantly 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.

Next subsection will provide details of our mapping solu-
tion.

3.2 Mapping in Separate Trust Spaces

We propose a trust value mapping method which is com-
posed of: (1) normalising trust values of users and tweets by
dividing the sum over all values of X and Y respectively;
(2) employing the Sigmoid functions to map values in X
and Y to trust values representing the corresponding trust
degrees; (3) combining the outputs of the above two steps
as a weighted linear addition.

3.2.1 Normalisation
The user trust values X and tweet trust values Y calculated
by Eq. (3) and (4) are firstly normalised by dividing their
sums respectively. Let X′ and Y ′ be the normalised trust
values of users and tweets. We have x′i = xi/

∑
i xi, and

y′i = yi/
∑
i yi, such that ||X′||1 = 1, ||Y ′||1 = 1.

G0 G1 G2 G3

1

2

u

(a) Values before mapping.

1

G0 G1 G2 G3

2

u

1-

(b) Values after mapping.

Fig. 3: Comparing trust values before and after mapping.

This normalisation method has been widely used in
existing work [3], [14]. However with this normalisation,
users and tweets with high trust values will dominate the
calculation. As a result, the effects of users and tweets with
medium trust degrees can not be considered properly. In the
following section, we will discuss how to map the outputs
of Eq. (3) and (4) to properly reflect the trust degrees of users
and tweets in their own trust spaces.

3.2.2 Sigmoid Mapping

We employ the Sigmoid function [18] to perform the trust
value mapping to trust degrees based on the principles dis-
cussed in Section 3.1. The Sigmoid function has the mono-
tonically 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 for users and tweets.
Users are firstly ranked according to their trust values
calculated by Eq. (3). 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
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 can use the following equations to calculate
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TABLE 1: Statistics of TAS 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

the parameters k and µ in the Sigmoid function for user
trust value mapping

γ1 = f(λ1), γ2 = 1− f(λ2) (6)

Figure 3 shows the user trust values before and after map-
ping. We map trust values of tweets in the same way. The
trust values mapped with Sigmoid functions for users and
tweets are denoted as X′′ and Y ′′. This method benefits
users and tweets linked with a large number of nodes with
medium trust degrees.

3.2.3 Weighted Addition
We provide the following formulas to calculate trust values
by linearly adding the normalised values and the Sigmoid
mapped values with configurable weights.

X = δuX
′′ + (1− δu)X′ (7)

Y = δtY
′′ + (1− δt)Y ′ (8)

The weight parameters δu and δt control the contribu-
tions of the normalised and mapped trust values, where
δu, δt ∈ (0, 1). Note that, the normalised values X′ and Y ′

are re-scaled to the range of (0, 1) by their maximum values
respectively before adding to the Sigmoid mapped values.
This weighted addition method provides a configurable
solution to consider the effects of users and tweets according
to different trust evaluation requirements.

3.3 Convergence Check

We use the Spearman’s rank correlation coefficient (SPcor)
to determine the convergence of the trust ranking. The SPcor
measures the monotonic relationships between two ranking
lists and has been used in the context of Twitter [10], [11].
The formula is:

ρu = 1− 6
∑

(xti − xt−1i )2

N3 −N
(9)

Here, xti and xt−1i are the ranks of user ui among two trust
ranking sets calculated in two consecutive rounds t and t−1.
The CoTrRank trust evaluation approach is summarised in
Algorithm 1.

4 EXPERIMENTS AND RESULTS

We evaluate the effectiveness of the proposed CoTrRank ap-
proach against a real-world Twitter dataset of the Tasmania
community on Twitter [11] (referred to as TAS dataset 1). In
this dataset, there are about 15, 000 users and more than
8 million tweets. Table 1 shows the statistics of the TAS
dataset.

1. TAS dataset is available on GitHub:
https://github.com/TrustEval/Twitter Tas dataset

Algorithm 1 CoTrRank

Input: Gu, Gt, Eu, Et, Elu , Elp , εu, εt, δu, δt
Initialize:

X0 ← eu,Y 0 ← et

function TRUSTRECURSION(Xi,Y i)
xi+1
i = αF(

∑
j

mi,jxj) + (1− α)F(
∑
k

wi,kyk)

yi+1
i = βF(

∑
j

ni,jyj) + (1− β)F(vi,kxk)

x′i+1
i = xi+1

i /
∑
i x

i+1
i , x′i ∈X′

y′i+1
i = yi+1

i /
∑
i y
i+1
i , y′i ∈ Y ′

X′′i+1 ←MappingFunc(Xi+1)
Y ′′i+1 ←MappingFunc(Y i+1)
Xi+1 = δuX

′′i+1
+ (1− δu)X′i+1

Y i+1 = δtY
′′i+1

+ (1− δt)Y ′i+1

ρu ← SPcor(Xi+1,Xi); ρt ← SPcor(Y i+1,Y i)
if ρu > εu and ρt > εt then

Return (Xi+1,Y i+1)
else

TRUSTRECURSION(Xi+1,Y i+1)
. Call TrustRecursion function again

4.1 Dataset and Experiment Settings

As trust has the subjective nature, it normally reflects sub-
jective opinions based on various measurement criteria.
For evaluation proposes, we first select a group of users
who have more than one follower and/or whose tweets
have been interacted by more than one tweet in the TAS
dataset. We invite ten examiners to verify if the selected
users are trustworthy by reading their posted tweets on
Twitter. A user is considered to be more trustworthy if
the examiners regard that he/she is a real person and has
posted meaningful tweets that have been interacted by other
Twitter users. There are 4766 users that are considered to be
more trustworthy in the TAS dataset.

A ranking approach should give trustworthy users iden-
tified by the examiners higher ranks than others [19]. The
percentage of trustworthy users selected from the top N
ranked users is used to measure the adequacy of a ranking
method:

Adequacy =
|U∗ ∩ U†|
|U†|

(10)

where U∗ is the set of the selected trustworthy users; U† is
the set of top N users on the ranking list.

We propose a way to justify the parameters of α and β
in Eq. (3) and (4) according to the statistical analysis of the
dataset. In Twitter, only some followers of a user are likely to
interact with this user. We consider these followers as active
followers and calculate α based on the average percentage
of active followers of the TAS user set as:

α =
1

|U |
∑
ui∈U

|FOA
i |

|FOi|
(11)

where FOA
i denotes the set of active followers of user ui;

FOi denotes the set of ui’s followers. We get α ≈ 0.2.
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Fig. 4: (a) Trust values of users calculated by CoTrRank with
different δu and δt. (b) Adequacy of CoTrRank with different
weights on top users.

We consider wt as the average number of tweets that are
likely to interact with one tweet:

wt =

∑
ti∈T |REi|
|T |

(12)

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

β =
wt

wt + 1
(13)

The sum of wt and 1 is due to the fact that a tweet is always
associated with its owner by the post relation. In this work,
the value of β is approximately 0.6.

4.2 Effect of Trust Adjustment in CoTrRank
A set of experiments have been conducted to compare the
trust ranking results with different values of δu and δt. The
(0, 0) setting comes back to the extreme case of the map-
ping method with normalisation over sum (CoTrRank0.0);
The (1, 1) setting comes back to the extreme case of the
Sigmoid mapping (CoTrRank1.0); the (0.5, 0.5) setting is a
balanced consideration of the above two mapping methods
(CoTrRank0.5).

Figure 4a shows the trust values of users calculated
by CoTrRank with these three weight settings. The dotted
line shows the values calculated by CoTrRank0.0. The trust
values in the middle range have very small differences.
Therefore, the impact of users with medium trust degrees on

TABLE 2: Statistics of four users with similar numbers of
related nodes in the coupled networks.

Screen Name Fo AcFo Po Men RTRP Rank
User-A 486 215 1247 775 2089 29
User-B 348 145 2066 627 1741 110
User-C 129 74 1761 1390 570 179
User-D 15 6 39 2548 41 1685

the trust rankings of people they are following is reduced.
The dashed line in Fig. 4a shows trust values calculated
by CoTrRank1.0, which represents users’ trust degrees. This
method gives more consideration on the differences of mid-
dle ranged trust values. However, it reduces the impact
of users with high trust degrees on the trust rankings
of users they are following. Compared to the above two
methods, CoTrRank0.5, which is shown with the solid line,
has considered the impact of both middle range and top
range users. It maps the raw trust values calculated by Eq.
(3) to the values that have significant differences in both the
middle and top ranges. The adequacy values calculated by
the proposed method with different weights (Fig 4b) also
show that CoTrRank0.5 with a balanced weight setting has
selected more labelled users in all the top ranges.

4.3 Insights of Effectiveness
We analyse four users to show more insights of the effective-
ness of the proposed CoTrRank approach with δu = δt = 0.5
(The CoTrRank method mentioned in the rest of the paper is
referred to as CoTrRank0.5). Table 2 shows four users with
more than 2000 in-degree links in the coupled networks.
Users and tweets with higher calculated trust values have
higher ranks. User-A and User-B have both received large
numbers of retweets. The other two users, User-C and User-
D, have got large numbers of tweets mentioning them.
Apparently, the numbers of nodes linked with these four
users are similar. But their ranks calculated by CoTrRank
are quite different. We analyse all the users and tweets that
contribute to the trust ranking of these four users. Figure 5
shows the numbers of linked users/tweets at different rank
ranges. We use black coloured bars to represent data related
to User-A, dark gray coloured bars for User-B, light gray
coloured bars for User-C and white coloured bars for User-
D.
• Followers: Figure 5a shows that User-A and User-B

have been followed by more high ranked users com-
pared to that of User-C and User-D.

• Posts: Figure 5b shows that User-A and User-B have
both posted more tweets that have been ranked at the
top 20 percent of the total one million tweets than that
posted by the other two users.

• Mention Tweets: The numbers of tweets mentioning
these users ranked in different ranges are shown in
Fig. 5c. We also show the ranks of users who post
tweets that mention the four users in Fig. 6a. These
figures show that although there are large numbers of
tweets which mention User-C and User-D, the numbers
of users who post those tweets are much smaller than
that of users who mention User-A. Among all the tweets
mentioning User-D, about 2300 of them are posted by
one follower of User-D. This is a common phenomenon
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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.
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Fig. 6: Distribution of ranks of (a) users who post tweets
that mention the four users, (b) users who post tweets that
retweet or reply to these four users.

on Twitter that one user often receives many mention
tweets from another user. We have paid attention to this
phenomenon and have handled the issue (see details in
Section 2.2).

• Retweets and Replies: Figure 5d shows that User-B
has received more retweets and replies that are ranked
in the top 50% compared to that of other users. But,
as shown in Fig. 5b, the ranks of those related tweets
posted by User-B are not significantly higher than that
of the tweets posted by User-A. The reasons are: 1)
the users who post tweets that retweet or reply to
User-A have higher ranks than those who retweet or
reply to User-B (Fig. 6b); 2) the average number of
retweets/replies received from one user by User-A is
smaller than that of User-B. A smaller average number
indicates a better quality of the retweets and replies,
which means that a user has received retweets and
replies from more people.

4.4 Comparison with Baseline Methods
In this section, we compare our proposed CoTrRank method
with seven baseline methods:
• In-Degree (InD) [20]: uses the in-degree to measure the

influence of twitter users based on their numbers of
followers.

• FollowerRank (FR) [20]: measures the influence of
users according to the ratio of in-degree and out-degree
follow links.

• AAI [15]: uses the Acquaintance-Affinity-Identification
(AAI) score to incrementally integrate measures to iden-
tify popular users.
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Fig. 7: Adequacy rates of different methods on top users.

• PageRank (PR) [16]: is a well-known baseline method
that has been widely used in numerous ranking appli-
cations.

• TURank [3]: is one of the early attempts that extends
a PageRank based algorithm to Twitter. It considers
user-user, user-tweet and tweet-tweet relations in one
network.

• Weighted PageRank (WPR) [17]: 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.

• CoRank [11]: utilises all the relations between/among
users and tweets to calculate their trust values. This
method often provides overwhelming benefits for users
and tweets that are connected with large numbers of
medium trust degree users and/or tweets.

The first two are naive baseline methods which utilise
the basic statistics of users to evaluate their trustworthiness.
The third method, AAI, computes a score for each user with
an incremental statistic calculation by considering different
interactions. This method is more sophisticated compared
with the naive baselines methods. The AAI is based on a
static analysis and has not considered the network topology.
The rest four methods are designed based on the network
topology. Figure 7 shows the adequacy rates of the proposed
method and baseline methods. It compares the numbers
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TABLE 3: Statistics of two users and their ranks calculated by different methods.

User Fo Men RTRP CoTrRank CoRank PageRank WPR TURank
User-E 3 15 0 4249 3059 7562 8731 7903
User-F 3 0 0 7381 6676 6673 3977 6154

TABLE 4: Statistics of followers and their ranks by different
methods. G-Fo: A Follower of User-E; H-Fo: A Follower of User-F.

User Fr CoTrRank CoRank PR WPR TURank
E-Fo-1 698 643 479 313 430 282
E-Fo-2 41 1404 1397 1082 3434 2666
E-Fo-3 17 6268 4611 2182 3390 5193
F-Fo-1 116 1050 1277 1103 1107 748
F-Fo-2 208 6367 4675 5510 6925 5304
F-Fo-3 7 6777 4896 5702 7287 4816

of labeled users ranked in five top ranges. All of the top
1000 users selected by our proposed CoTrRank method are
among the labelled trustworthy users. The AAI Score and
network topology based methods as CoRank, TURank, and
PR also have achieved comparatively high adequacy rates in
the top 1000 user range. CoTrRank has outperformed all the
other baseline methods across all five ranges. CoRank and
AAI have similar adequacy in ranking top 1000 and 2000
users compared with our CoTrRank method. However, the
rates of selected labelled users in ranges from 3000 to 5000
by these two methods have dropped, which are about 10%
lower than the corresponding rates of CoTrRank. WPR and
the naive baseline methods have much lower adequacy rates
compared with the other four methods.

The existing network topology based ranking ap-
proaches 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 propa-
gates the popularity value of one page evenly to it’s hyper-
links [16]. However, when it comes to trust evaluation, the
trust values should not be calculated in such a way. That
says, when a user follows someone, he/she most likely
initiates the interaction based on his/her interests to this
user. Therefore, we need to consider the intention behind
the action when calculating the weights of different links.

Table 3 and 4 show the ranks/statistics of two users and
their followers. In table 3, both User-E and User-F have three
followers. User-E has been mentioned by more tweets than
User-F, and they both have no reply or retweet from others.
Both CoTrRank and CoRank, which use similar weight
calculation methods, have given higher ranks to User-E than
User-F. However, the other PageRank-like ranking methods
have ranked User-F higher than User-E. 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 principle that if
a user is followed by more trustworthy users, this user is
more trustworthy.

In Table 4, the top three users are the followers of User-
E, and the bottom three users are the followers of User-F.
We have listed the numbers of friends that followed by
these users, and also presented their ranks calculated by
different ranking methods. All the methods have agreed that

the average rank of User-E’s followers is higher than that of
User-F’s followers. However, only CoTrRank and CoRank
rank User-E higher than User-F. This is because that User-E’s
followers have followed a larger number of people than that
of User-F’s followers. Using the weight calculation methods
of PR, TURank and WPR, the trust values contributed to
User-E from his/her followers are significantly reduced.
Comparatively, our proposed CoTrRank 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.

4.5 Discussion

Existing trust evaluation methods calculate the trust value
of a user or tweet linearly based on the sum of the values
of linked users and tweets. The trust evaluation accuracy
of these methods is quite limited. In [11], we proposed a
normalisation method by using Sigmoid function to map
the linear addition of the linked trust values of one node to
a trust value that represents its trust degree. However, this
method may unexpectedly reduce the impact of the users
and tweets with high trust degrees. In real applications,
users and tweets with different trust degrees may need to be
considered differently depending on the purposes of trust
evaluation. We proposed CoTrRank to address this issue
and achieved better results compared to existing methods.
We published the preliminary study of CoTrRank in a two-
page paper [4]. Here we present the CoTrRank method in
details, provide comprehensive discussions, and compare
our method with existing baseline methods.

5 CONCLUSION

We have proposed a coupled dual networks model and
considered all the interactions among users and tweets in
the trust evaluation. This method can take the effects of
user, tweets, and their interactions differently depending
on the trust ranking situations. The experimental results
against real-world data from Twitter demonstrated that the
proposed method outperformed existing baseline methods
in trust evaluation of users and tweets.

Our method generates global trust rankings with the
limitation of evaluating the trustworthiness of users/tweets
in different contexts. Ranking methods with the ability to
perform context-aware trust evaluation will become more
important in real applications. In the future, we will in-
tegrate natural language processing techniques to develop
a ranking method that evaluates trust of users/tweets in
different contexts.
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