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ABSTRACT
User influence in social media may depend on multiple modes
of communication. Research has identified the importance
of a hybrid network on Twitter, comprising of the follower,
retweet and mention networks. HybridRank is an extension
of PageRank which considers all three networks. Using a
longitudinal panel dataset of 8K Twitter users, we evalu-
ated the performance of HybridRank and predicted the in-
fluence of users. We used the number of times that a user
was retweeted or mentioned as a proxy for influence. Hy-
bridRank outperforms a (good) baseline method for men-
tions outside the focal user’s follower network, as well as for
novel mentions (users who have not mentioned the focal user
in the past).

General Terms
rankings, PageRank, network, Twitter, hybrid networks

1. INTRODUCTION
Social media has grown in volume, usage and impact. A

user can post tweets, contribute to information diffusion by
retweeting, and can engage in a conversation by mentioning
other users. An active user may engage in all of the above
behavior in an attempt to attract more followers.

We are interested in a measure of a user’s influence. The
size of the follower count could be one such measure; how-
ever, this may be a better reflection of popularity. A more
accurate measure may be reflected by the count of how many
times a user was retweeted, or how many times a user was
mentioned. An additional signal of influence is when a user
is mentioned by users outside their follower network, or when
a user attracts a novel mention (by a user who has not men-
tioned the focal user in the past).

Social influence analysis and rank analysis has drawn a
lot of research interests. Previous research studies include
PageRank analysis [3] on web document, objectRank anal-
ysis [1] on database system, futureRank on scientific arti-
cle [4], and personalized recommendation analysis for focal

users based on individual level influence [6]. K.Subbian pro-
posed a supervised rank aggregation technique to rank user’s
influence in Twitter [5]. The paper proposed a model which
generates high AUC and AP scores for the second month
data. However, high AUC and AP score was expected be-
cause the data they used are in two consecutive month. A
user who was active in the first month has a high chance to
be active in the second month. There is no guarantee that
their model will predict well for long term data.

Using a snowball sampling mechanism, we created a net-
work of 15K active users [6]. We then sampled out a 8K
users network, in which each user has at least 2.4% of his
followers and friends. We collected these 15K users’ tweets
for 60 consecutive days in summer 2011, and subsequently
collected their tweets after 12 months.

We have successfully shown that a hybrid network of retweet
and mention network in Twitter has more power in predict-
ing a long term rank based on HybridRank scores. It also
performs better in predicting focal user’s future mentioned
count by users who was not in focal user’s network and did
not mention focal user before. In addition, we found that
adding follower network to hybrid network would not help in
measuring user influences because it makes prediction result
even worse.

2. DEFINITION FOR TRANSITION MATRIX

2.1 PageRank
We briefly describe the PageRank algorithm and then pro-

pose our transition matrix for the three hybrid networks in
Twitter.

The underlying assumption of PageRank is that links be-
tween pages confer authority. A link from page i to page
j is evidence that i is suggesting that j is important. The
importance contributed to page j from i is inversely propor-
tional to the out degree of i. Let Di be the out degree of
page i. The corresponding random walk on the directed web
graph can be expressed by a transition matrix A as follows:

A[i, j] =

{
1
Di

if there is an edge from i to j

0 otherwise

When calculating PageRank, suppose R be the PageRank
vector, and let damping factor ε be the probability that
a web surfer follows the hyperlinks and let 1 − ε be the
probability of a surfer making a random jump. Let P denote
the base set probability, in PageRank, it is an n× 1 vector,



and each entry has the value 1
n

(equally probability). The
following is the way we calculate original PageRank:

R = εATR+ (1− ε)P

3. HYBRID NETWORK
Three networks, namely Retweet network, Mention net-

work and Follower network, exist in Twitter. Every two
users may have a relationship in any of these three networks.

Three types of edges, namely Retweet(R) edge, Mention(M)
edge and Follower(F) edge, are introduced in hybrid net-
work. Edges are directed. A Retweet edge exists from user
i to user j if i has retweeted of j. Similarly, Mention edge
exists from i to j if i has mentioned of j, Follower edge exist
from i to j if i follows j, in other words, j is a friend of i.

The edge weight between i and j indicates the number
of times i retweet/mention j, and is 1 if i follows j. Each
matrix entry in transition matrix follows the rule of original
PageRank. To be more specific, the entry for a Retweet edge
from i to j would be calculated by the number of times i
retweeted of j, divided by the total number of retweet by
user i. Similarly, the entry for a Mention edge from i to j is
the number of times i mentioned of j, divided by the total
number of mentions by user i. The entry for a Follower edge
from i to j is 1 divided by the number of friend i has, if i
follows j, otherwise, it is 0.

3.1 Three Types (R,M,F) of Transition Matrix
In Twitter network, three transition matrixes, namely

Retweet AR, Mention AM , and Follower AF exist. Let Rij

denotes the total number of times i retweet of j, and Ri

denotes the total number of retweets by user i. Mij denotes
the total number of times i mentions of j, and Mi denotes
the total number of mentions by user i. Fij denotes whether
user i follows user j, if i follows j, then the value of Fij is 1,
otherwise, it is 0. And Fi denotes the total number of users
i follows. We have the following transition matrix entry
definition.

AR[i, j] =

{
Rij

Ri
if Rij > 0

0 otherwise

AM [i, j] =

{
Mij

Mi
if Mij > 0

0 otherwise

AF [i, j] =

{
1
Fi

if i follows j

0 otherwise

For example, in figure 1, User A has three types of links
(R,M,F) to or from other users. A follows B, C and D, A
mentions B and D, A retweet D, and A got mentioned by
B. We could easily figure out the transition matrix entry
value of R,M,F edges from A to D according to the entry
definition for each edge type. For example, for M edge type,
A mentions D 10 times, and B 90 times, so the M edge
entry from A to D would be 10

10+90
, which is 0.1. For R edge

type, consider the R edges coming from A, the R edge entry
from A to D would be 20

20
, which is 1. For the F edge, each

F edge would have value 1 to indicate the follower/friend
relationship, so the F edge entry from A to D is 1

3
because

A follows D, and A has three friends.

Figure 1: Black, green, blue indicates Follower,
Mention, Retweet type edge correspondingly; The
weight of edge indicates the number of times user i
retweet/mention user j; 1 in Follower edge indicates
user i follows user j

3.2 Hybrid Transition Matrix
In hybrid networks, we combine the R,M,F transition ma-

trixes between two users and construct our hybrid transition
matrix Ahybrid as follows:

Ahybrid[i, j] = αAR[i, j] + βAM [i, j] + γAF [i, j]

α+ β + γ = 1

In our experiment, we set α to 0.5 and β to 0.5 to get
hybrid networks of Retweet (R) and Mention (M) network;
and we set α to 0.33, β to 0.33 and γ to 0.33 to get hybrid
networks of R,M,F.

3.3 Hybrid Global Rank
To evaluate HybridRank, we introduced the ranking vec-

tor Rhybrid. Therefore, we have the following:

Rhybrid = εAT
hybridRhybrid + (1− ε)P

We set ε to 0.85 in our experiment.

4. DATA

4.1 15,000 user network
We want to construct a dataset that reflected a compre-

hensive history of user interaction and tweet content, over
two collection periods, for the same set of significant number
of active users, given the strict limitations imposed by the
Twitter API. We constructed 15,000 significant active users,
and as well as their follower(friend) subnetwork within these
15,000 active users. By saying active, we mean an active user
must satisfy the following constrains:

1) At least have one retweet during his/her latest 100
tweets.



2) Tweet frequency is not less than 1 tweet per day in
the latest 100 tweets.The calculation of the time span of the
latest 100 tweets is from the oldest time in the 100 tweets
to the time when the 100 tweets are collected.

We used Twitter API to construct the network in the
following way: pick a seed user from focal user list, and
used BFS to explore seed user’s follower (friend) network.
If seed user’s follower (friend) is an active user, we will add
him/her to the focal user list. We kept doing this until no
more users could be expanded, or stopped by hand once we
get 15K focal user.

4.2 8k user network
To capture a more active subset, we want to construct

a subset of 15k users in which each user would have more
than a threshold X% of his total number of follower/friend
in this subset. We used a threshold X% to filter out those
users in the subset by the following way:

1) First get a set of the users who has at least X% of
friends and also at least X% followers from the 15K users.
Label this set of users as S.

2) Repeat the following loop until the number of users in
S is stable, i.e., |S| does not change: For each user in S,
if the number of her friends or the number of her followers
from S is less than X% of the total number of his friends or
the total number of his followers, remove this user from S.
3) Return the set of users S.

We set the threshold X% = 2.4%, and finally obtained
7780 users in this subset.

4.3 Short Term Data description
Once we have collected the 15K focal user, we collected

their two-month tweets.
The data statistics for the two-month tweets data are the

following:
1) Time range: 04/25/2011 to 06/25/2011
2) Number of tweets: 10,979,278
3) Number of retweet: 2,366,211
4) Number of mention (not a reply): 6,678,227

4.4 Long Term Data description
After over a year, we collected the same 15K focal users’

tweets data. The data time range is from 2012-09-07 13:00:04
to 2012-12-11 06:56:23. Because only 5000 user queries can
be active at once with the Twitter API, we had to split data
into three databases. As the limited time, We randomly
picked one database to fully extract retweet and mention
data. The statistics of the selected database data are:

1) Time range: 2012-09-07 13:00:05 to 2012-12-11 06:50:55
2) Number of tweets: 2,176,608
3) Number of retweet: 519,224
4) Number of mention (not a reply): 551,780

4.5 Diffusion based authority flow on 8K net-
work

We want to measure the influence in the 8k active net-
work. From the definition of our hybrid adjacency matrix
and the way we collected the data, we could provide an ac-
curate and interesting PageRank score for users in 8K nodes
subgraph. Define our 8K network as Gl, and the rest of net-
work in Twitter as Ge. It would be possible to have very
popular users in Ge that would retweet or mention users
in Gl, however, we are only interested in diffusion based

authority flow, and therefore, retweet or mention happens
with high probability between two users if there is a follow-
ing path between them. Because of the way we collected the
data (expand the active follower/friend network), and also
the limitation to get all inflow data from Ge to Gl, the way
we calculated the PageRank score in 8K graph on diffusion
based authority flow is accurate.

5. MEASUREMENT

5.1 Assumptions
The retweets or mentions user received may come from

two parts: steady part and random part. Steady means
that for a person, if the environment keeps the same, he/she
should usually receive some stable numbers of retweets/mentions
during a specific time window size. Random means suddenly
for whatever reason, a person receives more or less retweets
or mentions than he/she should receive.

Therefore, the retweeted count R and mentioned count
M could be expressed as R = Rs +Rr and M = Ms +Mr.
Rr and Mr could be positive or negative. We assume Rs

and Ms have more relationship to future retweeted count
Rfuture and future mentioned count Mfuture, and hence
have more prediction power. Our baseline method is the
retweeted/mentioned count from 04/25/2011 to 5/25/2011.
Since it uses R or M for prediction, the method might be
impacted by Rr and Mr greatly.

We assume that the hybrid network PageRank would cap-
ture more features of Rs and Ms, therefore would make a
better prediction for Rfuture and Mfuture, outperformed the
baseline method. Besides, hybrid network PageRank would
capture whether the user has the influence to get retweeted
or mentioned by ‘newbies’ who is not in his/her follower net-
work and did not retweeted or mentioned him/her before.

We also assume that baseline method R and M in the 1st
month would perform well on predicting the 2nd month R
and M because consecutive month may not cause too much
random part, while it would perform much worse for year
later R and M because of too many possible randomness
affecting the prediction.

5.2 Short Term and Long Term Ground Truth
Based on our assumption, we picked three ground truth

ranking methods for both short term and long term in order
to test our assumptions.

1) Retweeted/Mentioned Count: number of times get retweeted
or mentioned by users in the 8k network. We only consider
mention which is not a reply as an effective mention. This
ground truth measures the focal user’s influence in the 8k
network.

2) Retweeted/Mentioned Count by Newbies, number of
times get retweeted/mentioned by ‘newbies’ who were not in
user’s direct follower network, and did not retweet/mention
the user in the first month. This ground truth measures the
focal user’s influence in attracting newbies outside of his/her
follower network and who were not a fan of focal user before.

3) Hybrid network (R+M network) PageRank scores. We
are interested in the hybrid network rank scores in future
short term and long term because PageRank scores in a
hybrid network would also be an effective measure of a user’s
influence.

5.3 Metric



Figure 2: Definition of different measuring matrices

The metric we picked here is Spearman’s rank correlation.
Spearman’s rank correlation is a measure of how two ranked
sets are related to each other. Correlation result ranges from
-1 to 1. If two ranked lists are positively correlated, the value
of Spearman’s rank correlation result would be close to 1.
If they are negatively correlated, the value would be close
to -1. In general, if Spearman’s rank correlation value is
around 0, we may conclude that the two ranked lists are not
related to each other.

6. EVALUATION RESULT
We measured user influence in matrices including retweeted

and mentioned count, PageRank score of a single network
and hybrid network in the first month in short term. Our
test set includes the second month data in the short term
and the year later data in the long term.

The definition for different matrices are in figure 2.
From figure 3, we found that all measures in the first

month have high correlation scores with the second month
data, while relatively low correlation scores with the year
later data. More interestingly, the count measure in retweet
network outperforms the PageRank measures. Besides, the
hybrid network of R and M performs much better than the
hybrid network of R, M, F. We could see the noise that
the follower network brings in when comparing these two
measures.

The result verified our original assumption that the corre-
lation result with long term data would be worse because the
data would be affected by much more random noise than the
short term data. However, we did not see PageRank mea-
sure in Retweet network or the hybrid network of Retweet
and Mention performs better than Count measure, which
could be explained by that too much noise in a year window
made term Rr in R = Rs + Rr dominant, and dampened
the effect of Rs.

We found almost the same phenomenon from figure 4,
with some exceptions. In this case, the hybrid network of
Retweet and Mention outperforms the count measure and
the single network (M) measure by yielding better correla-
tion results with future newbies mention count, which indi-
cates a hybrid network measure has more prediction power
on the future attraction of newbies in respect of the number
of mentions. Hybrid network, when including F network,
still performs the worst among these measures.

From figure 5 and figure 6, using hybrid rank as ground
truth, we found that the hybrid PageRank in 1st month

Figure 3: Spearman’s rank correlation result with
future Retweet Count

Figure 4: Spearman’s rank correlation result with
future Mention Count

data outperforms both a single network (R or M) PageR-
ank and the Count measure in predicting the long term hy-
brid PageRank scores. It indicates that in Twitter network,
the PageRank score of retweet and mention hybrid network
could make better predictions on user influence scores in the
future, even for long term prediction.

7. CONCLUSION AND FUTURE WORK
We presented different ranking measures for the 8k dif-

fusion based active network, and their correlation results
with future three ground truths in both short term and long
term. From the result, we verified our assumption that the
performance of the measure works well for 2nd month data,
however, relatively worse for the long term data. We found
that a hybrid network of Retweet and Mention performs well
on ranking users influence based on future attractions to
newbies, and outperforms other measures in predicting long
term user influence ranks. Besides, we observed that when
adding the Follower network to Hybrid network, the predic-
tion power decreases. The reason for that could be million
follower fallacy Cha pointed out in her work [2]. Follower
network may not be a good measure of influence, adding
it to hybrid network would make noises in measuring user
influences.

The result from figure 3 shows that PageRank measure did
not outperform Count measure in measuring future retweet
count. Reason could be due to too much random retweet
count happened in the year window. In future work, we
could shrink the window size to half a year, and to check
whether PageRank could perform better when there is less
random noise. We would also want to incorporate topic
analysis into Twitter network, which would need personal-
ized rankings on different topics.
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