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Abstract— The ever increasing growth in the health related
data has necessitated the development of pervasive tools and
technologies to manage the huge data volumes. Likewise, the
conventional healthcare services are transforming into patientcentric services to offer ubiquitous access to the health related
information. However, there is a need to extend the capabilities
of the existing health services and tools so that users could
become aware about their health, devise wellness plans, and
seek experts’ advice at no or low cost using the social media. In
this paper, we propose a cloud based framework that uses
Twitter data to offer recommendations about the most
influential health experts. We employ a variant of the
Hyperlink-Induced Topic Search (HITS) approach to identify
the candidate health experts based on the health related
keywords used in the tweets. Subsequently, we propose an
influence metric that calculates the influence of the candidate
experts based on various parameters. The proposed approach
attained high accuracy when compared to other approaches
for expert user identification. Moreover, experimental results
exhibit that the approach is highly scalable for workloads of
varying sizes.
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I.

INTRODUCTION

The increased demand for utilizing the electronic
healthcare services has resulted in enormous growth of
health data on the Internet [1]. The current volumes of health
related data include the diagnosis and prescriptions data,
laboratory data, pharmacy records, health insurance claims
data, gene extraction and sequencing data [2], [3].
Consequently, such high volumes of diverse data give rise to
the term health Big-data [2]. Besides the aforementioned
sources of health related data, online health communities and
social media platforms, such as Twitter and Facebook have
also appeared as the rich sources of health data. Users of
social media websites discuss various topics of common
interests including the health issues. Twitter, for example is
being used by both the doctors and the patients to exchange
their experiences and feelings with others. Moreover, Twitter
contains various health communities that are meant to
answer and resolve the concerns of the users or patients of
different diseases. There are also other online health
communities, for example PatientsLikeMe [4] that people
use to exchange their experiences against different diseases

and to seek support from the other patients. According to the
Pew Internet survey of 2013, a key benefit of such Internet
based health communities is to help people seek advice from
the current or past patients and health experts at no cost [5].
The increased trends of finding online health information are
due to growth in the numbers of smartphone users. The Pew
Internet survey of 2014 reveals that around 90% of the U.S.
adults own mobile phones and approximately 72% of the
users have searched online for the information pertaining to
health related issues [6]. Considering the widespread use of
computing and mobile devices for searching the health
related information from the online health communities and
social media networks, it is the appropriate time to enhance
the potential of the online health communities. Therefore,
developing methodologies that enable the interaction
between patients and health experts through social media
will help users seek advice at low or no cost.
The enormous amount of health data requires scalable
solutions to efficiently process and store large amounts of
data. The scalability issues of the traditional Web based
systems not only result in inefficient processing but also
affect the accuracy [7]. Therefore, using the cloud computing
based scalable and elastic services to manage large amounts
of health data is important to offer efficient and scalable
services [8]. Besides the performance benefits of the cloud
services in healthcare, financial advantages are also of
paramount significance that can help in reduction of
healthcare costs [9]. A 2013 survey conducted by McKinsey
shows that the healthcare expenses of the U.S are
approximately 17.6% of the total GDP [10]. Therefore, the
cloud computing services are an inexpensive alternative to
deliver the quality healthcare services. Moreover, it is
expected that in near future more and more computing and
mobile devices will generate gigantic volumes of health data
that calls for the use of Big-data analytics in the healthcare
domain.
In this paper, we propose a cloud based scalable
framework that supports both the desktop and mobile users
to seek advice related to health matters from the health
experts who frequently use Twitter. The framework analyzes
the tweets related to different diseases by various doctors and
determines the most suitable health experts for a particular
disease in that geographical area. Twitter has emerged as
vibrant health information source containing more than
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784,893,181 health related tweets, around 10,000 doctors and
over 6,200 healthcare communities [11]. The aforementioned
figures are evidence of the increased use of Twitter for health
related issues that enables the quick information exchange
without cost. The framework mainly comprises of two
modules: (a) candidate experts identification module and (b)
influential user identification module. The candidate experts
are identified by using a variant of Hyperlink-Induced Topic
Search (HITS) [12]. Subsequently, the candidate experts are
further analyzed to determine the influential experts for a
disease. The influential users are identified according to the
prioritized criteria indicated in the query of the querying
user. The users can find the influential health experts based
on multiple criteria, such as: (a) number of followers of the
expert, (b) health related tweets by the expert, (c) analyzing
the followers’ sentiments in replies to the tweets by expert,
and (d) the retweets of the experts’ tweets. The rationale for
offering multiple selection criteria is that only one criterion
cannot be a true characterization of the expertise of an
individual. For example, the following relationship on
Twitter is slight casual where some individuals might just
randomly follow others who in courtesy can follow them
back. Therefore, the reciprocity of the following relationship
is not a strong indicator of an individual’s expertise [13]. Our
framework exhibits great potential to turn the Twitter into a
collaborative online health community where people can
discuss their health matters with the experts without any cost.
The framework performs the identification of multiple
influential users simultaneously across different geographical
locations. Maintaining large tweet repositories requires
scalable infrastructure with massive storage and efficient
processing. Therefore, cloud computing services are utilized
because of their ability to dynamically scale up and scale
down according to the workload characteristics. The
framework executes the periodic jobs to update and maintain
tweet repositories and to subsequently identify the health
experts. The reason to perform the offline processing for
identification of candidate experts and the influential users is
that it may incur high time overheads if the processing is
performed online. Therefore, offline processing avoids the
limitations of online processing. The key contributions of the
paper are as follows:
 We present a scalable framework that utilizes the cloud
computing services to identify the influential health
experts from Twitter.
 A variant of HITS approach is employed to identify the
candidate health experts based on the health related
keywords in their tweets.
 We also propose an influence metric that calculates the
influence of the experts in terms of the number of
followers, sentiment analysis of the replies to the tweets
by followers, health related tweets, and the retweets to
the experts’ tweets.
 The framework is capable of managing multiple queries
simultaneously by executing parallel jobs to identify the
experts from different geographical areas.



We also demonstrate the scalability of the framework
for workloads of different sizes.
The paper is organized as follows. Section II discusses
the related work. The architecture of the proposed system is
presented in Section III. Section IV presents results and
discussion whereas Section V concludes the paper.
II.

RELATED WORK

There has been plentiful research conducted on expert
identification from various online communities and
microblog systems. However, identification of the experts
from online health communities has not been very
significant. An approach to find influential users in online
health communities is proposed by Zhao et al. [14]. The
approach determines the influence of a user through
sentiment dynamics in the threaded community discussions
and introduces a metric called Influential Responding
Replies (IRR) to determine the influence of others in the
community. Weng et al. [13] proposed an extension of the
PageRank algorithm called the TwitterRank that finds the
influential users on Twitter. TwitterRank uses link structures
and topical similarities to compute ranking for the
influential users on a particular topic. The aforementioned
approaches come across the scalability issues whereas our
approach is capable of finding the influential users by
executing parallel jobs from huge tweets corpus.
Another approach that utilizes probabilistic clustering
to identify the topical authorities from the microblogs is
presented in [15]. Ghosh et al. [16] proposed a
crowdsourcing based approach called Cognos to identify the
influence of the users by using the Twitter lists. However,
the approach in [16] is restricted by hourly restrictions for
tweets extraction. A link analysis based approach to identify
the influential users from an online healthcare social
network is proposed in [17]. The approach quantifies the
influence of the users in a small social network. On the
contrary, our proposed approach is two-fold that first
identifies the candidate experts through a variant of HITS
methodology and subsequently determines the influence of
the experts based on multiple criteria, such as the follower,
number of tweets, sentiments, and retweets.
III.

PROPOSED SYSTEM ARCHITECTURE

The proposed framework utilizes the cloud computing
services to identify the health experts from Twitter that best
match the users’ queries. The Software as a Service (SaaS)
implementation of the framework allows the availability of
the health expert recommendation service by means of
Internet. The tweets repositories are maintained by
periodically executing the jobs to retrieve the tweets from
Twitter. To identify the expert users, the following tasks are
performed: (a) identification of candidate experts and (b)
calculation of influential users. The architecture of the
proposed framework is presented in Fig. 1. The steps to
identify the experts are presented in Algorithm 1.
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Fig. 1. Architecture of proposed cloud based framework

A. Identification of Candidate Experts
Based on a user query, the tweets from the health experts
are analyzed and parsed to extract the disease specific
keywords. For the disease specific terminologies to analyze
the tweets, we used the WordNet database [18]. The benefit
of using WordNet is that it is capable of identifying the
relationships between different keywords by using the
hypernym, hyponym, meronym, holonym, and derivationally
related terms [19]. Interested readers are encouraged to
consult [18] and [19] for more details on the hypernym,
hyponym, meronym, holonym, and derivationally related
terms. Based on the frequency of health related keywords by
the health experts in their tweets, a keyword popularity
matrix is generated. The set of users 𝑈 for a particular
disease 𝑑 is represented as below:
𝑈𝑖 𝑑 = ∑ 𝐾𝑖𝑗 𝑑 ,

(1)

𝑗∈𝐽

where 𝐾𝑖𝑗 is the j-th keyword used by the user 𝑖 for a
particular disease 𝑑. However, the popularity of the health
experts based on the keywords count is not a true depiction
of the real health experts because it only considers the total
number of keywords in the tweets used by a particular user.
Consequently, the users who frequently repeat a few
keywords in tweets may emerge as the top experts.
Therefore, to accurately identify the health experts, it is
essential to consider the frequency of keywords, importance
of keywords, and the importance of the particular experts
who use the keywords. To this end, we use a variant of the
hubs and authorities based approach to identify the
candidate expert users. The concept of hubs and authorities
is based on a Hyperlink-Induced Topic Search (HITS)

approach that has been used in Web search such that the
page that points to several other pages is called hub whereas
the pages that are pointed to by several other pages are
called authorities [12]. The proposed framework considers
the health experts as the hubs and the keywords as the
authorities. An issue with the HITS approach is that the
good hubs point mostly to the good authorities. Therefore,
the ranking decisions using the HITS for experts are mostly
based on the frequency of keywords used by important
experts. However, there are multiple parameters that
contribute for identification of good hubs. The parameters
include the usage of multiple different keywords by an
expert, importance (frequency) of the particular keywords,
and the importance of the hubs using those keywords.
Therefore, we modify the HITS approach by multiplying the
hub scores with the number of distinctive authorities pointed
by the hubs. Consequently, the final ranking score for the
hubs is more balanced and is not dependent merely on the
frequency of keywords. To identify the candidate experts for
a particular disease 𝑑, we construct a matrix 𝐴 with 𝑈 rows
and 𝑉 columns. We calculate the authority and hub scores
using Eq. 2 and Eq. 3, respectively.
𝑎𝑑 = 𝐴𝑑 𝑇 × ℎ𝑑
(2)
ℎ𝑑 = 𝐴𝑑 × 𝑎𝑑 × Ƥ
(3)
where Ƥ is the number of distinct authorities pointed by
each of the hubs. The approach recursively works by
assigning the hubs and authorities scores initially equal to 1.
In each iteration, the hub and authority score are updated
and the scores at the converging iteration are considered as
the final hub and authority scores.
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An Illustrative Example of Candidate Experts Identification
Suppose 𝑈 and 𝐾 be the two sets such that 𝑈 =
{𝑈1 , 𝑈2 , … , 𝑈𝑛 } and 𝐾 = {𝐾1 , 𝐾2 , … , 𝐾𝑛 } represent Twitter
based expert users and the keywords used by each expert,
respectively. The initial scores for hubs and authority are
assumed as ℎ𝑑 0 = [1,1,1,1]𝑇 and 𝑎𝑑 0 = [1,1,1,1,1,1]𝑇 ,
respectively. Table I shows a matrix comprising of four
Table I: User-keyword matrix
U1
U2
U3
U4

K1
3
2
3
3

K2
2
3
-

K3
2
-

K4
5
6
4
-

K5
6
7
2
-

K6
15

K total
16
15
14
18

users and six different keywords. Apparently it seems that
user 𝑈4 is the most popular user among all of the four users
because it uses 18 keywords in total. Likewise, 𝑈1 is at 2-nd
position with 16 keywords, and 𝑈3 is the lowest in terms of
keywords count. The algorithm for finding the candidate
experts is recursively applied such that in each iteration the
hub and authority scores are updated. Table II and Table III
respectively show the hub and authority score at the first and
the convergence iteration. Table II shows that the hub score
for 𝑈3 after first iteration is highest whereas 𝑈1 is at 2-nd
position. However, after 41-st iteration, 𝑈1 emerges as the
hub with the highest score whereas 𝑈3 is at 2-nd position.
Table III presents the authority scores at the first and
converging (37-th) iteration. It can be observed from Table
III that the keyword count for each of 𝐾4 , 𝐾5 , and 𝐾6 is
equal to 15 whereas 𝐾1 has 2-nd highest keyword count.
Table II: Hub score
Iteration
No.
1
41

U1

U2

U3

U4

0.914
1

0.643
0.790

1
0.839

0.514
0.178

Table III: Authority score
Iteration
No.
1
37

K1

K2

K3

K4

K5

K6

0.689
0.578

0.389
0.342

0.160
0.127

1
0.991

0.964
1

0.621
0.202

After 1-st iteration the keyword 𝐾4 emerges as the keyword
with the highest authority score whereas the authority score
for 𝐾6 drops down to even 𝐾1 that had fairly less count as
compared to 𝐾6 . More obvious differences in authority
scores can be observed at converging (37-th) iteration where
𝐾5 , 𝐾4 , and 𝐾1 evolve as the authorities with the highest
scores. Interestingly, 𝐾6 that has the highest keyword count
turned extremely low in terms of authority score. Likewise,
the hub score for 𝑈4 that actually used the highest keywords
turned lowest at converging iteration. The reason is that 𝑈4
only used two keywords and one of them was repeatedly

used. On the other hand, 𝑈1 that fairly used distinctive
keywords with different frequencies evolved as the hub with
the highest score despite of low disease specific keywords
as compared to 𝑈4 . Another interesting observation is about
𝑈3 that used even more distinct keywords with varying
frequencies attained the 2-nd highest hub score. The reason
that 𝑈3 also used 𝐾2 and 𝐾3 that were not as important as
used 𝐾4 and 𝐾5 . Consequently, it can be concluded that
there is no single factor that individually helps in accurate
identification of the candidate experts. Instead each of the
keyword frequency, use of distinctive keywords, and the
importance of the hubs pointing to the authorities contribute
in accurately identifying the candidate health experts.
B. Influential User Identification
After the candidate experts have been identified through the
hubs and authorities based approach, we further refine the
process of expert user identification to ensure that the
querying users are recommended the most relevant experts.
Therefore, we introduce a metric that computes the
influence of each of the candidate experts. The influence of
a user is calculated based on the: (a) number of followers of
the expert on Twitter, (b) total health related tweets, (c)
sentiments of the followers in replies to the tweets by
experts, and (d) retweets. The intuition behind using the
aforementioned multiple criteria is that only single criteria,
for example the number of followers is not sufficient to
determine the influence or popularity of an expert on
Twitter. Therefore, it is important to evaluate the influence
of an expert based on several different criteria. This will
also enable the querying users to evaluate the influence of
an expert based on multiple prioritized criteria. The replies
of the followers of a health expert are important in
determining the influence and reputation of a health expert.
The users in their replies to the tweets by the health expert
express their sentiments. The sentiments expressed in the
tweets may be positive, negative, or neutral. To classify the
sentiments from the replies to the tweets as positive,
negative, or neutral, we used Stanford CoreNLP library
[20]. However, we only used positive sentiments scores for
the replies against all of the tweets of a particular health
expert. The reason for considering the health related tweets
as one of the influence criteria is that a health expert may
also tweet about some matters different from the health.
Therefore, considering the total number of tweets on all
topics by the health experts may significantly affect the total
influence calculated for that expert. Likewise, the numbers
of retweets by the followers of an expert are also an
important factor that can portray the influence and
popularity of an expert.
The users that are interested in finding the health
experts based on the number of followers assign high
importance to that criteria in their queries. The users are
returned a ranked list of the health experts that best match
their query. The criterion with the high importance or
priority indicated by the user is assigned higher weights
4

whereas those with the low importance are assigned lower
weights while ranking the experts. Weight assignment is an
important task to rank the experts based on a certain criteria.
We used Rank Order Centroid (ROC) method [21] to assign
weights to different criteria. In ROC method, the weights to
different attributes or decision criteria are assigned
___________________________________________________________

Algorithm1: Expert User Identification
____________________________________________

Output: List of health experts 𝐻𝐸
Definitions: 𝐷 = set of diseases, 𝐾𝑑 = set of Keywords against
disease d, 𝑇𝑑 = tweets for disease d, 𝑇𝑘 = tweets collection for a
keyword k, 𝑈𝑑 =set of users who tweet about a particular disease d,
𝐶𝑢𝑘𝑑 = frequency of a keyword k in the tweets of a user u for disease
d in his/her tweets, ᴍ𝑑 = user to keyword popularity matrix for disease
d, N= number of required expert users, , ҥt=ratio of health related
tweets to the total tweets, ἠ=retweets, Ẃ =weight assigned to each
decision criteria, Ī = Influence Matrix, and 𝑊𝑚 = weighted influence
matrix for all possible combinations of weights.
1: PARFOR each 𝑑 ∈ 𝐷 do
2:
𝑘𝑑 ← keyWordsSearch(𝑑)
3:
PARFOR each 𝑘 ∈ 𝐾𝑑 do
4:
𝑇𝑘 ← searchTweetRepository(𝑘)
5:
𝑇𝑑 ← 𝑇𝑑 ∪ 𝑇𝑘
6:
end PARFOR
7:
PARFOR tweet 𝑡 ∈ 𝑇𝑑 do
8:
𝑢 ← extractUser(𝑡)
9:
𝑈𝑑 ← 𝑈𝑑 ∪ 𝑢
10:
end PARFOR
11:
PARFOR user 𝑢 ∈ 𝑈𝑑 do
12:
𝑢𝑡 ← tokenize(𝑢)
13:
PARFOR keyword 𝑘 ∈ 𝑘𝑑 do
14:
𝐶𝑢𝑘𝑑 ← 𝑔𝑒𝑡𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝐶𝑜𝑢𝑛𝑡𝐼𝑛𝑃𝑟𝑜𝑓𝑖𝑙𝑒(𝑢𝑡, 𝑘)
15:
end PARFOR
16:
end PARFOR
17:
ᴍ𝑑 ← 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑃𝑜𝑝𝑀𝑎𝑡𝑟𝑖𝑥(𝑈𝑑 , 𝐾𝑑 , 𝐶𝑢𝑘𝑑 )
18:
Ḉ𝑑 ← 𝑔𝑒𝑡𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝐸𝑥𝑝𝑒𝑟𝑡𝑠(ᴍ𝑑 )
19:
PARFOR each 𝑐 ∈ Ḉ𝑑 do
20:
𝑓 ← getFollowers(Ud)
21:
Ş←getSentimentsScore()
22:
ҥt ← getHealthTweets()
23:
ἠ←getRetweets()
24:
Ī𝑐 ←calculateInfluence(f, Ş, ҥt , ἠ)
25:
𝑊𝑚 ←calculateWeightedMatrix(Ī𝑐, 𝑊)
26:
end PARFOR
27:
PARFOR each 𝑐𝑤 ∈
𝑠𝑒𝑡𝑜𝑓𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒𝐶𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 do
28:
𝐸𝑐𝑤 ← 𝑔𝑒𝑡𝑇𝑜𝑝𝑅𝑎𝑛𝑘𝑒𝑑𝐸𝑥𝑝𝑒𝑟𝑡𝑠(𝑊𝑚 𝑐𝑤 )
29:
end PARFOR
30: Update 𝐻𝐸
31: end PARFOR

𝑘

Ī = ∑(𝐶𝑟𝑛 × 𝑊𝑛 )

(4)

𝑛=1

where 𝐶𝑟𝑛 refers to the particular criteria and 𝑊𝑛 is the
weight assigned to that criteria.
Algorithm 1 presents the steps to identify and rank the
influential health expert users from the Twitter using the
variant of HITS approach and the proposed influence
metric. Line 2 of Algorithm 1 executes in 𝑂 (𝑘), where k is
the number of keywords. Line 3—Line 6 searches the
repositories and have complexity 𝑂 (𝑇 × 𝑘), where 𝑇
represents the tweets. The operations in Line 7—Line 10
extract the users and have complexity 𝑂(𝑈 × 𝑇). Line
11—Line 16 execute in 𝑂(∪× 𝑥 × 𝑘), where 𝑥 be the
number of tokens. Line 17 and Line 18 execute in 𝑂(∪×
𝑘) and 𝑂(𝑚 × (∪2 + 𝑘 2 )), where 𝑚 represents the number
of iterations required by the variant of HITS to converge .
Line 20 executes in O(1) and each of Line 21—Line 25
take 𝑂(𝑇) to execute. Therefore, the total complexity from
Line 19—Line 26 becomes 𝑂(𝑐 × 5𝑇), where 𝑐 being the
number of candidate experts. Line 27—Line 29 execute in
𝑂(24 × 𝑇 𝑙𝑜𝑔(𝑇)), where 𝑇 𝑙𝑜𝑔(𝑇) is the time complexity
to sort the list of top ranked experts. The total complexity
of the algorithm to find the experts for a disease 𝑑 becomes
𝑂(𝑑 × (𝑘(1 + 𝑇)) + (𝑈(𝑇 + 𝑥)) + (𝐾(1 + 𝑈)) +
(𝑚 × (∪2 + 𝑘 2 )) + (𝑐 + 𝑇𝑙𝑜𝑔𝑇)).
IV.

RESULTS AND DISCUSSION

We evaluated the effectiveness of our approach in terms
of recommendation accuracy and scalability against varying
workloads. Evaluation results for the expert user
recommendation and scalability are presented in subsequent
subsections.

__________________________________________

A. Evaluation of Expert User Recommendation Module
The performance of the expert user recommendation
module in terms of accuracy was evaluated and precision,
recall, and F-measure [22] were used as the evaluation
metrics.
Precision: The ratio of the accurately identified health
experts (True Positives) to the total occurrences (True
Positive (TP) + False Positive (FP)) is termed as precision
and is given as:
𝑇𝑃
𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 =
(5)
𝑇𝑃 +𝐹𝑃
Recall: The identification probability of the randomly
selected health expert from the total training set (True
Positive (TP) + False Negative (FN)) is called recall and is
given as:
𝑇𝑃
𝑅𝑒𝑐𝑎𝑙𝑙 =
(6)
𝑇𝑃 +𝐹𝑁
F-measure: F-measure is the harmonic mean of both the
precision and the recall values and is represented as:
2𝑇𝑃
𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
(7)

according to their relative importance. The weight
assignment using the ROC is performed as follows:

The tweets were collected by using the twitteR package
of R [23]. We evaluated the performance for correctly
identifying the health experts by collecting over 20,000

2𝑇𝑃+𝑇𝑃 +𝐹𝑁
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B. Scalability Analysis
The systems based on the centralized computing models
come across the issues of scalability because of their inability
to cope with the ever changing processing requirements.
Consequently, the deployment of decentralized cloud based
methodologies that enable the concurrent processing of large
data volumes is becoming inevitable. For a parallel algorithm
to be scalable, with the increase in number of resources, for
example the processors and the workload, the performance in
terms of time efficiency and resources’ utilization must be
consistent or should not degrade substantially [25].
Therefore, we utilized the cloud services because they can be
procured on-demand and according to requirements. Amazon
Elastic Compute Cloud (EC2) [26] is an example of

commercial cloud service provider that provides the
processors, storage, and memory to host applications based
on different pricing models. We evaluated the scalability of
our approach by analyzing the effects of increase in
workload and processors on the time consumption for: (a)
the candidate expert identification module, (b) calculation of
the influential users by considering all the possible
permutations for a single query, and (c) weight assignment to
four prioritized criteria.
IUR
Cheng et al.
Pal et al.
RowSum

1

Precision

0.8
0.6
0.4
0.2
0

5

10

15

20

No. of Recommendations

Fig. 2: Precision comparison of IUR with other approaches
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Fig. 3: Recall comparison of IUR with other approaches
0.5

F-measure Score

profiles of Twitter users who used the health related
terminologies in their tweets. Around 400,000 tweets related
to the diabetes were collected from the Twitter by using the
hypernyms, hyponyms, meronyms, holonym, and
derivationally related terms through the WordNet. The
aforementioned numbers also contain the tweets that were
provided by the Symplur on request. The tweets repositories
are maintained and updated by periodically executing the
jobs in offline mode. The framework also performs the
computations of the hub and authority scores to identify the
candidate experts and the influential users in offline mode.
The reason to perform the aforementioned tasks offline is
that it requires huge amount of storage and processing that
eventually results in high query response time. Therefore,
our cloud based framework effectively stores the large
amounts of Twitter data and performs intensive computation
operations for the identification of health experts. Moreover,
to minimize the query response time, the tweet repositories
are preprocessed based on the geographical locations.
The performance of our approach was evaluated in terms
of accuracy by comparing with the approaches presented in
[15] and [24]. In addition, we also compared our approach
with the popularity based ranking approach that only
considers the frequency of keywords used by the health
experts. The precision, recall, and F-measure for each of the
approaches are presented in Fig. 2, Fig. 3, and Fig. 4,
respectively where our proposed approach is termed as
Influential User Recommendation (IUR). The performance
of the IUR approach was observed to be sufficiently better as
compared to the other approaches in terms of precision,
recall, and F-measure for Top-k experts with k=(5, 10, 15,
20). However, the approach by Cheng et al. [23] also turned
with high accuracy as compared to the approach presented in
[15] and the popularity based approach. The popularity based
approach attained low accuracy particularly for Top-k experts
with k= (10, 15, 20). Interestingly the proposed IUR
approach exhibited relatively high accuracy even at large k,
such as k= (15, 20). The comparison of results shows that
our proposed approach that first identifies the candidate
experts and then calculates the influence of the candidates
offers more accurate recommendations. In addition, offering
users the facility to search and evaluate the experts by
specifying four different criteria helps to obtain personalized
recommendation about help experts.

0.4

IUR
Cheng et al.
Pal et al.
RowSum

0.3
0.2
0.1
0

5

10

15

20

No. of Recommendations

Fig. 4: F-measure comparison of IUR with other approaches

Each of the aforementioned tasks is performed offline
and the repositories are updated periodically to avoid the
overheads arising due to online processing. The influence is
calculated based on the importance of the criteria indicated
by the users. Because there are four criteria over which users
can view the ranking decisions, it makes a total of 24
different possible combinations to evaluate the final ranking
or influence of an expert for a single query. Obviously, it is
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impractical to calculate ranking score for each of the
combinations at run time to manage the queries of users from
different geographical regions. Therefore, executing the
parallel and periodic jobs not only avoids high processing
delays but also ensures the availability of updated
information at all the times. We evaluated the performance
of all of the modules in terms of time consumption by
increasing the number of users and the number of processor.
The time consumption to identify the expert users from
20,542, 41,084, and 82,168 user profiles by varying the
number of processors was observed.
Fig. 5 shows the scalability results with different
workloads and number of processors to identify the
candidate health experts using the variant of HITS approach.
The results show that increasing number of users two times
resulted in sudden increase in the processing time. However,
substantial decreases in time consumption were observed by
increasing the number of processor. On average, by
increasing the number of user profiles twice increases the
time consumption by approximately 38.72% whereas
increasing one processor resulted in an average decrease of
16.27% for the candidate experts identification task. It is also
important to note that by increasing the number of processors
more than a certain limit, relatively small decreases in
processing time were observed. The reason is that this time
also includes the overheads, such as the processor start up
time and the communication time between the two
processors. For large number of processors, the
aforementioned overheads also increase and consequently
affect the total execution time. Fig. 6 shows the execution
time corresponding to the three workloads for influential user
identification module. The influential users’ identification
module calculates the number of followers of each of the
experts, performs sentiment analysis, and calculates the
health related tweets and the retweets. Consequently, for
each candidate expert, four different tasks are to be
performed, which requires parallel task processing to speed
up the query response time. By increasing the number of
profiles twice, the average combined increase in time
consumption is 72.03% whereas an average decrease of
approximately 66.37% is observed by increasing one
processor at a time. Fig. 7 shows the processing time for
weight assignment to various decision criteria. For each user
query, the framework performs weight assignment according
to 24 different combinations. This requires sufficient
computations that result in increased processing time, if
performed online. It also appears from Fig. 7 that the time
consumption for weight assignment task is sufficiently less
than the two other modules. The reason is that weight
assignment is only subtask of the process of influential user
identification that has to be performed repeatedly.
It is evident from the above discussion and results that
all the tasks starting from the tweets extraction to the
influential user identification require enormous processing
time and resources. Therefore, query response time can only
be reduced if all the tasks demanding heaving computations
are preprocessed and periodically updated to ensure the

Fig. 5: Execution time analysis for different no. of users
and processors to identify candidate experts

Fig. 6: Execution time analysis for different no. of users
and processors to identify influential users

Fig. 7: Execution time analysis for different no. of users
and processors for weight assignment

delivery of the most recent information about health experts.
The experimental results also reveal that with the increase in
workload and processors, our algorithm substantially
maintains the efficiency in terms of time consumption.
Therefore, the proposed cloud based approach is highly
effective and can scale up and scale down depending upon
the workloads.
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V.

CONCLUSIONS

In this paper, we proposed a framework that enables the
users to interact with the health experts from Twitter to seek
the advice at no cost. The framework utilizes the cloud
infrastructure to manage huge tweet repositories. The
variant of the HITS algorithm is employed to identify the
candidate experts. The approach effectively identified the
candidate experts by considering the use of distinctive
keywords, importance of the keywords, and the importance
of the experts using the keywords. To make the ranking
process more effective, we further introduced an influence
metric that identifies the influential users from the list of
candidate experts. Experimental results demonstrate that the
proposed framework is highly effective in terms of accuracy
as compared to other approaches. Moreover, the
performance of the system in terms of execution time is
preserved at high workload which indicates the scalability of
the system. We are optimistic that the research will be
helpful to fully utilize the potential of the online health
communities by offering free of cost interaction services
among the patients and doctors.
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