





Algorithm 3: Finding Maximum Multi-commodity Flow in Mavens Graph
Input: G=(V'.E’),P

Output: max flow f, min length [
initialization: dist(u,v)=min l(u,v); f=0

1 for p(u,v) € P do

2 Dselected <min dist(u,v)

3 while dist(u,v) <1 do

4 m —Min m; in Pseiected

5 f=f+m

6 for (u,v) iN pserected dO

7 dist(u,v) = dist(u,v) + (1 + =)
8 end

9 Dselected <— min dist(u, v)
10 end
11 end

12 Return f, dist ;

6. EXPERIMENTS

Our experiments have two goals. In the first one, we want to detect mavens in a
social network and evaluate their effect in reshaping the social network graph.
The other objective, is examining whether mavens can play a better role than
influencers in a social network to maximize the spread of word of mouth. The
expected result of using the mavens model is enhancing the social graph in
terms of reducing the nodes based on a deeper analysis of users’ characteristics
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Algorithm 4: Identifying the k-node Set
Input: V' k

Output: S
initialization: Vi, =V’
1 while |S| < kandV' # () do
2 u=maz(f(u e V' N Viemp)
3 | Views = Viewpl {0l € plu, )}
4 S =Su{u}
5 end

6 Return S ;

rather than dealing with all of the users and treating them based only on
overall actions which will significantly improve the efficiency and speed of the
resulting social graph model. We also aim to consider whether the effect of
mavens can be considered to be an alternative to influencers, bearing in mind
that the mavens’ role is more accurate and precise when measured in a social
network. Therefore, we compare the maximization flow in a mavens graph

against the topic aware model AIR in the influence maximization problem.

6.1. Datasets and experiment setup

In our experiment, we used a dataset from a famous Chinese microblog site

Tencent Weibo (t.qq.com). This dataset is released by KDD Cup 201 This

Lwww.kddcup2012.org/c/kddcup2012-trackl/data
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dataset includes more than 2.33 M users and 51 M links. The total amount of
words used is 492 M distributed among 6 K topic categories. Generally, the
dataset represents users actions like the recommendation of items, along with
profiles of users’ “follow” histories. Each user in the dataset is associated with
rich information, i.e. follow history, profile keywords, and items recommenda-

tions with their timestamps.

Giving more detail about the components of dataset and the way of con-
structing the needed information of this dataset. First, the action log which
is described in table [6.1, noticing that the result field could have 0 value to
represent that there is no response from the receiver user to what has been
initiated by the sender user. Otherwise, it could be 1 to represent the positive
response or -1 to indicate the rejection by the receiver user. The user action
table has been divided into two tables one of them has been used in the train-
ing data set for nodes classification while the other one has been used to test

and verified the classification.

Userld | ItemlId | Result | timestamp

Table 6.1: Tencent Weibo Users’ Action log

In addition, a deeper information about users is in the user profile data file
as shown in table where each user has a record contains the year of birth,
the gender, the number of tweets which is a critical field to represent the total
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actions that have been performed by that user, and the tag_Ids which can be
used in the calculations of the number of topics that are discussed by that
user. For instance, if a user likes hiking and swimming, the user may select
“forest hiking” or “swimming” to be a tag. Indeed, there are some users who
did not anything thus T'ag_Ids will be 0. Each tag has been encoded in the
dataset to a unique integer. T'ag_Ids will be listed in the form “tag—id;;tag—
idy;...;tag — idy”. Another topics data are located in user_key word file. In
this file, there are keywords that have been extracted from the textual content
of the user (i.e. tweet, retweet, or comment). In the dataset the Keywords
field has the following format “kw, : weighty; kwsy : weights; kw, : weight,”.
These weights give a precise representation of user usage. However, the weight
attributes have been ignored in the experiment because our definitions do not

emphasize the intensity of the usage of any topic.

Userld | Year_of_birth | Gender | Number_of _tweet | Tag_-Ids

Table 6.2: Tencent Weibo Users Profile

Userld | Keywords

Table 6.3: Tencent Weibo Keywords

Beside users profile, items in the dataset have been gathered in the Item
table as illustrated in table to keep an information of each item in term
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of its category and the used keywords. In the experiment, we paid a special
attention of Item — Keyword field because those keywords are extracted from
the corresponding users profile by matching them with Item—Category which
is accounted in the users topics calculations. The format of Item — Keyword

is “idy;eds;...;idy”, to represent each keyword in a unique integer value.

Itemld | Item — Category | Item — Keyword

Table 6.4: Tencent Weibo Item table

On the other hand, User action file as shown in table has summarized
statistics about the number of shared actions between each two connected

users which highly critical in sharing desire characteristics calculation.

Userld | Action — Destination — UserId | Number — of — action

Table 6.5: Tencent Weibo Action File

Lastly, social network file is described in table [6.6] that constructs the di-
rected graph from the users’ follow history considering that the following re-

lationship can be reciprocal.

Follower — userid | Followee — userid

Table 6.6: Tencent Weibo Social Network File
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We conducted the experiments on an Intel(R)Core(TM)i7-4510U 2.6 GHz

CPU machine with 8 GB RAM.

6.2. Nodes Classification and Maveness Confidence Level Calculation

The experiments start by calculating the mavens characteristics rates for the
dataset users. Figure and @ illustrate the density distribution of the
defined characteristics of mavens. The first characteristic, the individualism, is
shown in Figure This figure reveals that the highest densely individualism
ration is between 0.4 and .5. It is worthwhile to note that this characteristic
clearly distinguish the users. Moreover, there are only 2.E+5 users with a high

individualism rate.

Turning to Figure that represents the distribution of the sharing desire
ratio. In fact, the range between 0.6 and 0.7 has the highest users density.
In general, users are evenly distributed in the sharing desire rates. It is also
noticeable that the rate between 0.8 and 0.9 has the lowest density which was

less than 1.5E+5 users.

Moreover, Figure @ highlights the density distribution of users in term of
the multiplicity of interest rates. In fact, there are two rates get the densest
users. These rates are between 0.4 and 0.5 as well as 0.2 and 0.3. Therefore,
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Fig. 6.1: Individualism Density Distribution

the multiplicity of interest is the least discriminative characteristic in term of

users classification.

After calculating the feature vector value for each user, we classified the
network users using Algorithm 1. Figure demonstrates the ratio between
mavens and the total network users in the given dataset. In fact, using a loose
threshold value which is 0.65 leads to getting 160 mavens in total of 20000
network users. While with a bigger number of dataset users (around 400000)
the classifies mavens reach 1958. In contrast with 0.9 threshold value, the
number of mavens was only 375 within the same 400000 users which accounted
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Fig. 6.2: Sharing Desire Density Distribution

as a narrow classification. Nevertheless the threshold value 0.8 achieved a
similar number of mavens to 0.9 threshold with the smaller dataset which is
around 60 mavens, it added more mavens with the larger dataset. It classified

around 950 mavens in 400000 network users.

In addition, Figure shows the correlation between the users activities
and the maveness confidence level. It is remarkable that users with a high
maveness level tend to have a high level of sharing activities which reach
around 80% of their activities. However, users with low maveness confidence
level have an average sharing level near to 20%. On the other hand, in term of
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Fig. 6.4: Mavens Ratio Among Network Users
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receiving information activities, users with high maveness level score around
20% which is compatible with their high level of individualism characteristic.
It is also noticeable that users with low maveness confidence level has more

than 80% of receiving information activities.

=3
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=
b=
I
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o .
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I |

| | | | | | |
0 0.1 0.2 03 04 05 0.6 0.7 0.8 09 1
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Fig. 6.5: Users Activities and Maveness Correlation
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6.3. Accuracy of Learning

To evaluate the learning of users’ characteristics considering that the used
dataset provides the action log in several distributed tables. Therefore it was
necessary to derive the needed parameters from the given tables. For instance,
to derive the individualism of a user u, we had to refine the actions where us-
er v was either the only one or the early one. To obtain that, we relied on
a user-keywords table to refine the words that have been used by a user u
and have not been used by any friend to calculate the unique actions. For the
early actions, we used the recommendation log table to count all the attempts
of a user u to activate any neighbor even unsuccessful attempts. In order to
learn the confidence level of maveness, we split the dataset based only on the
recommendation actions table, such that a user action can appear either in
the training or test dataset. In order to evaluate our predictive accuracy, we
compared our mavens model with the mavens model in [5] by means of ROC
curves. Each point in the ROC curve corresponds to {2 = .8, which is the same
for all users. The purpose of this test is to measure whether our maveness con-
fidence level can predict the amount of overall user recommendation actions.
This is basically a binary prediction task: for a given maveness confidence level
in the training set, we try to predict the amount of actions in the testing data

set without considering the timestamp in this test. On the other hand, we
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used the mavens definition in [5] to test the same amount of actions. Figure
illustrates that our definition for a maven performed better in estimating
users’ action behavior than the definition in [5]. Hence, the definition in [5]
only highlights the top influencer users, and the test allows us to evaluate

the contribution of mavens characteristics modeling to the prediction of users’

actions.
Social Network Mavens ROC 1. Blogspere Mavens ROC
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Fig. 6.6: ROC Analysis

6.4. The impact of the mavens in the graph

In this experiment, we evaluate the maveness concept in reducing the nodes
number in the mavens graph using the proposed Algorithm 2 based on different
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Q) threshold values. Figure reveals the degree feature between the original
social graph and the mavens graph in both outgoing and incoming edges.
In the left figure, the maximum outgoing degree of a node reaches 350 in
front of only 245 maximum degree of a node in the maven graph. Thus figure
confirms that maveness level of any node is not reflected by its degree or its
ability to reach the largest number of nodes. In addition, the original graph
has a round 1.E+46 nodes who have only one connected neighbor. In contrast
of maven graph that has less than 4000 nodes that have only one connected
neighbor. As a matter of fact, the nodes with the smallest number of neighbors
will not be the desirable nodes in the cascading process. On the other hand,
the right figure which represents the incoming degree of nodes in the above
mentioned graphs. It is clear that the incoming degree of the original graph is
slightly lower than the outgoing degree. However, the incoming degree in the
mavens graph is significantly lower than the outgoing degree. This low values
in the incoming degrees resulted of the elimination of all edges that are not
participated to create paths to mavens. As a result, the incoming degree figure

precisely reflects the effectiveness of mavens graph.

As a consequence, we studied the difference between the length of the paths
in the original social graph and the the mavens graph as result of its impor-

tance to evaluate the complexity of many calculations like the flow calculation
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Fig. 6.7: Mavens Impact on Nodes Degrees

and finding the possible activated nodes or the marginal gain. Figure re-
veals the difference between the length of paths in those graphs. In the original
social graph, there are some nodes can create paths with length 800. This num-
ber emphasizes the high complexity to perform any estimation on the graph.
However, the maximum path length in the mavens graph does not exceed 200.
This number has a noticeable impact in reducing the computational cost of
calculation information flow as well as finding the possible activated nodes.
Beside that, around 12.E+5 nodes in the original graph have less than 3 path
length which indicates that nodes are not effective in information cascade
process. In contrast, half of the nodes in the mavens graph have a desirable
length which exceeds 100 path length. Another remarkable feature is the big
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difference between the participated nodes in the original social graph that
have paths with 200 length while the quarter of this number in the mavens
graph have path with the same length. The length of the path is consistent
with mavens model as it targets the nodes that can stimulate the information

cascade.

—— Original Social graph

—— Mavens Graph

Path Length

0 0.5 1 1.5
Graph Size x10%

Fig. 6.8: Mavens Impact on the Paths Length

Meanwhile, as shown in Figure [6.9] the number of nodes in the resulting
graph is dramatically decreased compared to the number of nodes in the orig-
inal social graph. In particular, we tested several threshold values to evaluate
the impact of the size on the resulted social graph. For instance, a 0.65 mave-
ness confidence level will lead to a sharp increase in the node size of the mavens
graph. In contrast, assigning 0.9 as the maveness confidence level could be de-
ceptive and could lead to excluding a set of nodes that might be valuable.
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Specifically, we found that €2 = 0.8 is the optimal threshold value because the
size of the resulting nodes uniformly increases counter to the original social
graph node size. Moreover, applying this method will also control the size of
the mavens graph to be investigated. It is worth mentioning that we did not
find any relation that determines the optimal mavens graph size based on the

seed size. Thus, this point will be considered in future work.
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Fig. 6.9: Mavens Impact on Reducing the Size of Social Graph

6.5. Influence Maximization vs. Mavens Flow Maximization

In our experiment, we perform a comparison between AIR social influence
propagation and mavens diffusion. We specifically selected the AIR model
because it was the reference that highlighted the importance of introducing
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a new model based on some users characteristics instead of considering the
user-to-user influence. The experiment was implemented for AIR by selecting
50 different random items with their associated categories and calculating the
expected spread using 1000 Monte Carlo simulations. Alternatively, we ran
Algorithm 4 on the resulted mavens graph. In Figure [6.10, we summarize
the expected diffusion achieved by k-seed influencers on the AIR propagation
model in front of the expected cascade that resulted from k-seed mavens on
the mavens graph. Indeed, the mavens greatly exceed influencers in spreading
the words in the social network. In the used dataset, the top maven node
successfully recorded a spread among 88 nodes against only 27 nodes affected
by one influencer. In addition, the mavens flow reached about 800 nodes using
only 25 mavens. In the opposite direction, just 130 nodes were influenced by 25
nodes in the AIR model. In summary, mavens achieved the best performance
in effectively reducing the node size in the social graph and the maximum

information spread in Tencent Weibo.

Additionally, Figure [6.11] clarifies the comparison between the number of
successful attempts that are initiated by mavens in front of the number of
blogs that are resulted of mavens cascade. In our model, top mavens accom-
plished around 140 successful attempts which slightly outperform blogsphere

mavens achievement who were successfully generating around 100 blogs in a
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Fig. 6.10: Information Diffusion Experiments

single cascade [5]. Furthermore, the difference in the activations between these
models steadily increases within the top 500 mavens. After that, our model
maintain higher level of average positive activations in contrast to blogosphere
mavens where the average cascaded blogs drop dramatically. In other words,
for 1500 users in the maven graph, th average successful attempts of the users
was 15 against just 3 cascaded blogs within the same number of mavens. To
sum up, the decrease in the number of successful attempts in mavens model
is generally similar to the average cascaded blogs in blogosphere model with

the top 500 mavens.

72

25



5000

4000 -

o
=1
=1
>

Mavens number
~>
f—3
(=3
(=1}
T

=

=3

-
I

20

40 60 80 100
Number of successful attempts

5000

4000

o
=1
=1
=1

Mavens number
~o>
f=—3
(=3
(=1}
T

1000 -

7. CONCLUSION

This research introduced mavens in social networks. We presented a model to
detect the main characteristics of mavens. We applied our model in Tencent
Weibo and verified that our methods detect mavens and provide a good esti-
mation of their behavior in the network. We also studied a way to maximize

information flow through mavens in a social network. Our experiments reviled

20 30 40 50 60 70 80
Number of blogs in cascade

Fig. 6.11: Mavens Success Measurements
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that distinguishing the nodes based on their maveness confidence will improve
the efficiency of the resulting social graph by rapidly reducing the nodes size.
We also emphasized that mavens widely maximize the information flow in a
social network compared to the limited effect of influencers in the influence
maximization problem. Therefore, we are looking to extend our work in this
thesis. First, we would like to investigate the relation between the desired seed
size and the node size in the resulting mavens graph. In addition, we would
like to explore how to combine influence maximization with mavens modeling

to increase the robustness of social graph modeling.
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