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1. PROBLEM STATEMENT

Finding reliable information on the internet is impor-
tant, especially during crisis and times of extreme in-
novation. In its microblogging form, Twitter provides
quick access to information that anyone can post. We
can approximate the spread of this information by find-
ing the key influencers on this platform. For various
reasons, certain individuals become a rallying point or
a key participant in the spread of information. Because
a few people will dominate the information sphere, iden-
tifying these people is important. Having this informa-
tion, the media and press might target this group or a
scientist might analyze it.

We begin with the assumption that prominent events
on Twitter will result in a network of similar structure
to our dataset. Additionally, we assume that knowl-
edge of auxiliary relationships between a subset of par-
ticipating Twitter users will be easier to acquire than
follower counts for all participating users. We can make
use of auxiliary relationships between Twitter users to
extract those users providing information to the most
other users. We define these users of interest in our
dataset as those with the most followers, thus most
likely to convey information. We predict users who are
most responsible for providing information to the net-
work and compare our prediction to the complete social
graph ranked by number of followers.

We focus on three auxiliary data sets: retweets, replies,
and mentions. These data sets serve three distinct pur-
poses.

Retweets We assume this to be an indicator of a very
weak relationship. It often serves simply as an
acknowledgment of another’s communication.

Replies Of the three, replies indicate the most direct
and personal form of interaction between two users.
We assume this to be an indicator of a tight rela-
tionship, especially if the communication is two-
way.

Mentions Mentions are the least straightforward be-
cause their use ranges the most widely. It could be

an invitation for communication or simply equiv-
alent to the CC line on an email.

Through appropriate analysis and synthesis, we attempt
to reconstruct the social graph using these auxiliary
data sets.

In this paper, we attempt to reconstruct a directed
social network using auxiliary data concerning interac-
tions on that network. We focus on the spread of infor-
mation surrounding the time period of the announce-
ment of the discovery of a particle with properties sim-
ilar to those of the theoretical Higgs Boson. Our target
is to extract the nodes of highest incoming degree from
the social graph, indicating these users have the most
followers. Using a weighted variation of the hubs and
authorities algorithm, we consider the known auxiliary
data sets and calculate the hubs and authorities vector
for each relationship graph. We then take some signifi-
cantly small proportion of the entire social graph rela-
tive to the number of influencer nodes we wish to iden-
tify and use these known values to train a Support Vec-
tor Machine for purposes of regression, using the hub
and authority values for each graph as features. By ap-
propriate weighting and training, we strive to partially
reconstruct the social network in question.

2. RELATED WORK

We see previous authors studying the use of social
network during crisis and disaster situations. In [1], we
see an analysis of the Pakastani flood crisis and the re-
sulting Twitter use. The focus in this research, though
not important to us here, is the distribution of types of
links Tweeted. This premise of this study, that people
take to Twitter (and similar social media) during cri-
sis, legitimizes our problem area. Moving forward from
that research, we plan to investigate the structure of
this news spread.

Another background source shows an analysis of the

scientific community’s use of Twitter to spread information—

but in a general way. A claim is made that those acting
as authorities on Twitter (within the scientific commu-
nity) will in general be the same group of people with
the authoritative research.[2] We use this claim as the



basis for our problem exploration. By identifying those
users who are Twitter authorities (through means ex-
plained below), we can gain a sense of the scientific au-
thorities. Our addition to that research is our methods
for gaining those authorities.

We now move to research more relevant to our specific
method. In 1998, Kleinberg, et al. give a method for
describing the link topology of a network: their HITS
algorithm [3]. He defines hubs and authorities as those
pages with valuable links and those pages with valu-
able content, respectively. We, like many others [4], are
extending this hubs and authorities algorithm from an
analysis of webpages to an analysis designed to deter-
mine “authorities” in a specific Twitter community.

Lastly, we note a specific, fantastic use of hubs and
authorities when analyzing Twitter. Java, et. al. [4],
use hubs and authorities to construct communities of
people. In his communities, there may be three main
types of users: knowledge-sharing, knowledge-taking,
and friends. This classification is determined by the
type and frequency of interactions such as replying and
retweeting. We extend this notion of the importance
of replying, retweeting, and mentioning by attempting
to discern the underlying social graph using only these
three types of interaction. We attempt to apply the
hubs and authorities algorithm to a graph of these in-
teractions in order to discern a picture of the underlying
follower-followee social graph.

3. RESULTS

A goal N value and known N value were decided for
each calculation of the precision, with the known N
value varied as .1 % N and .25 % [N to simulate a reason-
able sampling of the known social data set. Features of
the training and testing data were determined by use
of the Hubs and Authorities algorithm for each auxil-
iary data set and were normalized across each feature
space. This method allows us to determine those users
with authority of information and predict the expected
number of followers in the social graph in many varied
settings. For each run, the training set for the SVM was
randomized and optimal parameters for each SVM ker-
nel were calculated. Predicted follower numbers sorted
to decide the top N nodes and the number of nodes in
the prediction was compared to the top N ranked by
followers in the complete social graph. A power model
was fit to the final output of the precision data as it var-
ied with N. Graphs may be found in the Supplementary
Information section.

Claim 1. With reasonable precision we are able
to predict the users with the top N fol-
lowers of sufficiently large NN in the social
graph from auxiliary information using our
method. Figure 5 shows the general trend ob-
served in each data set as N was varied from 100

to 10000. For small N < 1000, we see that for
most kernel test cases the precision of the esti-
mation of the top N nodes grows significantly as
N increases, plateauing at a precision of approxi-
mately .35. We determine that such an estimate
is reasonable with a general trend of a decreasing
error bound in these measurements.

Claim 2. Support vector machines used for re-
gression were optimized for three possible
kernel choices and compared, with RBF per-
forming best. A linear, radial basis function
(RBF), and polynomial kernel were used with the
normalized HITS scores calculated for each node
from the replies, mentions, and retweets auxiliary
graphs respectively as features. For the linear and
RBF kernels, the penalty parameter of the error
term was varied from .01 to 10000 logarithmically
and for the polynomial kernel form degree 2 to
5. Additionally, for the RBF kernel the gamma
(kernel coefficient) parameter was varied from 1
to .00001. Traditional cross validation techniques
were used with combinations of these values to
determine the optimal parameters for a given N,
selecting a subset of the input training data for
validation purposes. These optimized parameters
were then used for each following run on the full
testing set used for final precision calculation. RBF
performed best for training data sized .1 * N and
.25 % N for most N, with both coefficient of deter-
mination for fitting with power models closest to
1.0.

Claim 3. It was found that including the hub
value for a node in the regression features
had no observable effect on the precision.
Observation of the precision graphs generated by
the same kernel show a negligible effect with the
inclusion of the hub values as a feature. (Figure 5
and Figure 6 exhibit this behavior most clearly.)
This is expected as the hub values would likely be
inversely correlated with the authority values and
would not affect regression.

Claim 4. For the RBF kernel, there was an ob-
servable correlation between the size of the
training data relative to the goal N and the
precision. Significant difference is observed in the
power model fit for the RBF kernel with hubs. As
N increases, both values tend to converge to ap-
proximately .35 with the initial difference in pre-
cision being much greater. The coefficient of de-
termination for the lower training sample size in-
dicates that the stability of these measures seems
correlated with the size of the training sample, as
a larger training sample allows for a better repre-
sentation of the full data set.
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Figure 1: SVM with linear kernel consid-
ering Hubs. We predict the top N au-
thorities (users with incoming connections)
using two different proportional train-
ing sets. The N wvalues selected include

{100, 200, 500, 1000, 2000, 5000, 10000, 20000, 50000}
from our data set of size 456631 nodes.
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Figure 2: SVM with linear kernel not consider-
ing Hubs
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Figure 3: SVM with polynomial kernel consid-
ering Hubs
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Figure 4: SVM with polynomial kernel not con-
sidering Hubs
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Figure 5: SVM with rbf kernel considering Hubs
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Figure 6: SVM with rbf kernel not considering
Hubs



