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Chapter 7
Clustering Questions in Healthcare  
Social Question Answering Based  
on Design Science Theory

Blooma John and Nilmini Wickramasinghe

7.1  Introduction

In healthcare social media, users connect with patients and professionals without 
time and space boundaries to seek and share healthcare-related information 
(Denecke and Stewart 2011). A classic example of a Medicine 2.0 application is a 
healthcare Social Question Answering (SQA) service. Healthcare SQA services are 
redefining healthcare delivery and supporting patient empowerment. Healthcare 
SQA services allow users to seek information, communicate with others on similar 
problems, share health guidance, and compare treatment and medication strategies 
(Blooma and Wickramasinghe 2014). Examples of healthcare SQA services are 
MedHelp, BabyHub, and Drugs.com. The growing activities in online healthcare 
communities, asking questions and sharing answers, play an important role in users’ 
health information inquiries (Zhang and Zhao 2013). Individual behaviors, in par-
ticular health-related behaviors such as physical activity, diet, sleep, smoking, and 
alcohol consumption, as well as adherence to medical treatments and help-seeking 
behavior (Hyyppä 2010), appear to be significant in SQA services.

On the other hand, there is a need to aid in assisting and mining the content 
shared to make the process of retrieving quality content, relevant to users, easier. 
For millions of users who ask questions in a healthcare SQA service like Drugs.
com, the answers for the past questions submitted comprise a valuable knowledge 
repository. As the quality and the source of the questions and answers vary widely, 

B. John (*) 
University of Canberra, Bruce, ACT, Australia
e-mail: blooma.john@canberra.edu.au 

N. Wickramasinghe 
Deakin University, Melbourne, VIC, Australia 

Epworth HealthCare, Richmond, VIC, Australia

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-72287-0_7&domain=pdf
https://doi.org/10.1007/978-3-319-72287-0_7
http://drugs.com
http://drugs.com
http://drugs.com
mailto:blooma.john@canberra.edu.au


96

there is a need to further study the relationship between the users and the content 
they post, particularly with respect to health-related questions and answers. Earlier 
studies (Agichtein et al. 2008; Bian et al. 2009) classified high quality content from 
various SQA services. However, there were very few studies that focused on SQA 
services in the healthcare social media. Hence, the research question addressed in 
this paper is:

• How can we cluster similar questions shared on SQA services in healthcare 
social media based on the quality of the content shared by users?

We used quadri-link cluster analysis based on various features related to ques-
tions, answers, and users to cluster similar content and a similarity measure to clas-
sify content. Based on an earlier work (Blooma et al. 2016), the similarity measure 
was developed based on the user profile and the relationship network between the 
users and the types of information disclosed. We extended the features used by ear-
lier studies (Bian et al. 2009; Agichtein et al. 2008) and used the similarity measure 
to cluster similar content based on a design science approach (Hevner et al. 2004).

This paper proceeds as follows. In the literature review, we review studies related 
to health informatics, design science, and cluster analysis. We then present the 
methodology and quadri-link cluster analysis to cluster similar questions. We 
describe our data collection and analysis procedures. We present the results of our 
pilot study and explain the precision based on a preliminary content analysis. We 
finally conclude with the contributions of this paper and propose future work.

7.2  Literature Review

Health informatics is a relentless pursuit of helping people to improve health by 
using information technology (Friedman 2012). Health informatics is an integration 
of elements from broadly defined information science and health science. On the 
other hand, studies in health informatics tend to miss either the health problem or 
the information technology problem. For example, De Vries et al. (2013) reviewed 
55 heart failure risk computational models and showed clear evidence that only a 
few had been implemented in clinical practice. In general, previous studies high-
lighted that innovations fail to achieve sustainability because the health technology 
disregards the relationship between the technology and the people involved.

Today, social media has empowered users to post content that is publicly avail-
able, and the dangers and threats of inaccurate diagnoses are formidable (George 
et al. 2013). Hence, as we propose a novel method to cluster similar content shared 
by users of SQA services in healthcare social media, we based our similarity mea-
sures on the quality and the relationship of the content and users. For the design of 
this proposed cluster analysis, we used design science guidelines as reviewed in the 
following section.

Design science is an important and legitimate research paradigm in information 
systems (Gregor and Hevner 2013). Design science research involves constructing 
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a wide range of sociotechnical artifacts, such as new software, processes, algo-
rithms, or systems intended to improve or solve an identified problem (Myers and 
Venable 2014). Hevner et al. (2004) presented seven guidelines for understanding, 
executing, and evaluating design science research. The seven guidelines are design 
as an artifact, problem relevance, design evaluation, research contributions, research 
rigor, design as a search process, and communication of research. Design science 
guidelines originated from information systems design theory originally proposed 
by Walls et al. (1992a; b) as “a prescriptive theory which integrates normative and 
descriptive theories into design paths intended to produce more effective informa-
tion systems.” Eventually, Peffers et al. (2007) expanded design theory into a design 
science research methodology by incorporating the principles, practices, and proce-
dures required to carry out research by applying design science theory. They sug-
gested that design science theory as a methodology needs to be consistent with prior 
literature, provide a nominal process model for doing design science research, and 
provide a mental model for presenting and evaluating design science research 
(Peffers et al. 2007). While we used cluster analysis, the nature of design science 
theory provides a foundation for more systematically specifying its design. Based 
on Arnott and Pervan (2012) and Xu et al. (2007), we used design science theory 
guidelines to propose a model to cluster similar questions in SQA services.

Cluster analysis groups together similar objects into meaningful clusters based 
on the similarities among the objects (Balijepally et al. 2011). Information systems 
research uses cluster analysis as an analytical tool for classifying configurations of 
various entities that comprise the information technology artifact. Because of the 
nature of the questions posed in SQA services, keywords alone do not provide a 
reliable basis for clustering user-generated questions effectively, particularly in 
SQA services for health care (Bian et al. 2009; Agichtein et al. 2008). To overcome 
the disadvantages of keyword-based clustering, extant research focuses on addi-
tional criteria. Blooma et al. (2016) used the content and user relationship to iden-
tify similar questions. Leung et al. (2008) introduced the notion of concept-based 
graphs. Bian et al. (2009) used a mutually coupled bipartite network to identify high 
quality content and users. However, there is a lack of studies that applied cluster 
analysis in health care to identify similar questions and reuse the existing answers 
for new questions.

Thus, in this paper, we propose a novel cluster analysis based on a design science 
approach by considering the relationship between the questions, answers, askers, 
and answers to cluster similar questions as detailed in the next section.

7.3  Methodology

In this section we identify a set of features related to questions, answers, and 
users to classify similar questions in healthcare social media. The features are based 
on Bian et al. (2009), Agichtein et al. (2008), Chan et al. (2010), and Angeletou 
et al. (2011).
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The four distinct sets of entities are questions, answers, users, and concepts. In 
this model we combine both answerer and asker into one entity—user. This is 
mainly because the actual role of the user is not determined a priori in this extended 
model when compared to Blooma et  al. (2016); instead, the computed values of 
features regarding the social role will resolve their final role as an asker or an 
answerer. The second major inclusion in this model is that we considered concepts 
as a new entity that contains rich information. However, we simplified the concept 
extraction as the extraction of unique nonstop words as meaningful words. Although 
we used unique nonstop words in this study, we can further extend the concepts 
using a medical thesaurus to be very specific in healthcare medical terms.

In particular, the features used to represent questions are given in Table 7.1 and 
are mainly used to focus on intrinsic content quality metrics. The features are text 
related as the questions and answers we analyzed are primarily textual in nature. In 
addition to the content itself, there is a wide array of noncontent information avail-
able, from links between items to explicit and implicit features of the content, such 
as posting time, questions, votes, punctuation, typos, and semantic complexity 
measures.

With respect to an answer, in addition to the intrinsic content quality metrics as 
well as noncontent information, we also used the relationship features of questions 
and users. Word overlap and the ratio between the lengths of the question and the 
answer are features that are based on the relationship between the question and its 
answer. Features such as positive votes and negative votes are based on the 

Table 7.1 Features for questions

Feature Description References

Question Words in the question subject and 
question detail

Bian et al. (2009), 
Agichtein et al. (2008)

Subject length Number of words in the question 
subject

Detail length Number of words in the question 
detail

Posting time Date and time when the question was 
posted

Question votes Number of positive votes
Number of answers Number of answers received
Punctuation density Number of punctuation marks divided 

by the total number of characters
Question’s category Tags/topics assigned to questions by 

the asker
Number of words per sentence Average number of words per 

sentence in the current question
Capitalization errors Number of sentences not starting with 

capitalized letters
The Flesch–Kincaid (F–K) 
reading grade level

The FK reading score indicates the 
level of difficulty in reading

B. John and N. Wickramasinghe



99

 relationship between the answer and users. The list of features used for answers is 
listed in Table 7.2.

The user features were mainly adopted from Angeletou et al. (2011) and Chan 
et  al. (2010). The features in-degree, out-degree, hub score, authority score, and 
initialization are used to reflect the structural network properties of a user within the 
community and the user’s popularity in the community. These features, along with 
their relationship with the questioning and answering in which they participate, 
helped us enhance the quality of the cluster analysis, based on the relationship 
between the content and the users. It is highly important to put emphasis on the 
authority of the users’ in a healthcare-related community to improve the quality of 
the outcome. The features used with respect to the users are detailed in Table 7.3.

Thus, to plot the relationship between the content and users, we separated the 
content and users into four distinct sets of entities and six distinct types of links as 
given in Fig. 7.1.

After we framed the quadri-link model, we calculated similar measures for ques-
tions, answers, and users. We introduced the similarity measure to compute the 
similarity score between two sets of questions, answers, or users by considering two 
components: link count to the same concepts and value of other features. We used 
the Jaccard similarity index (for a discrete set) and its extended general form for 
nonnegative real values as suggested by Charikar (2002). The equations for all three 
entities (answers, questions, and users) are similar, and they consist of four parts: 
the Jaccard index of the bag of words, the general Jaccard index of features, and the 
Jaccard indices of graph links to the two other clusters. The equations to calculate 
similarity between answers (sim(ai, aj), questions sim(qi, qj), and users sim(ui, uj) 
are given below.

Table 7.2 Features for answers

Feature Description References

Overlap Words shared between the question 
and answer

Bian et al. (2009), 
Agichtein et al. (2008)

Number of comments Number of comments added by 
other participants

Total positive votes Total number of positive votes for 
the answer

Total negative votes Total number of negative votes for 
the answer

Answer length Number of words in the answer
Unique words Number of unique words in the 

answer
QA ratio Ratio between the question length 

and the answer length
Number of words per sentence Average number of words per 

sentence in the current question
Capitalization errors Number of sentences not starting 

with capitalized letters
The Flesch–Kincaid (F–K) 
reading grade level

The FK reading score indicates the 
level of difficulty in reading
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Table 7.3 Features for users

Feature Description References

Questions asked Number of questions asked across all Q 
and A groups

Chan et al. (2010), 
Angeletou et al. (2011)

Total answers Number of posted answers across all Q 
and A groups

Votes Total votes the user received
In-degree Number of other users answered by this 

user
Out-degree Number of other users that answered this 

user
Hub score Hub score for the user computed by the 

HITS algorithm
Authority score Authority score for the user computed by 

the HITS algorithm
Average votes 
per answer

Average votes per answer divided by the 
total number of answers

Initialization Number of questions asked by this user 
divided by all questions asked

% in-degree The in-degree of this user divided by 
unique in-degrees

Fig. 7.1 Quadri-link model
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We used the above similarity measures to cluster similar answers, questions, and 
users iteratively. We used complete linkage similarity to find the most similar clus-
ters (Defays 1977). We clustered all three entities (question, answer, and user) as we 
proceeded with the iteration. However, we needed to choose the order of clustering. 
The user needs information from the question and answer clusters rather than the 
individual questions or answers. Their user score will be computed last in the itera-
tion. Similarly, questions need information from answers (two questions do not 
share the same individual answer); thus their score will be computed second. 
Consequently, the score of answers will be computed first since they only need the 
information of the individual entities from the other three sets. Therefore, the sug-
gested order of clustering is answer, question, and user, and the proposed clustering 
algorithm is called quadri-link cluster analysis.

We also propose two ways to terminate the algorithm:

 1. Run the algorithm until completion (everything is in one cluster), plot a dendro-
gram, and then select the number of clusters based on the plot.

 2. Terminate upon reaching a certain condition (there is no similarity score above a 
certain threshold).

As we proceed, we first compute the feature value as shown in Tables 7.1, 7.2, 
and 7.3. Once we compute all the features, we feed the computed similarity scores 
to perform quadri- link cluster analysis. The steps used to calculate the quadri-link 
cluster analysis are listed below.

The steps of quadri-link cluster analysis:

 1. Obtain the maximum similarity score of all answer clusters according to the 
similarity function above.

 2. Merge the answer clusters with the highest similarity score.
 3. Obtain the maximum similarity score of all question clusters according to the 

similarity function above.
 4. Merge the question clusters with the highest similarity score.
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 5. Obtain the maximum similarity score of all user clusters according to the simi-
larity function above.

 6. Merge the user clusters with the highest similarity score.
 7. Repeat step 1–7, unless the similarity score falls below the threshold.

While merging, if several clusters shared the same maximum score, they were 
merged in the same iteration. For example, if clusters A–B had 3.5, B–C had 3.5, 
and D–E had 3.5, then after merging we will have two new clusters A–B–C and 
D–E. For the general Jaccard index of features, we used a complete linkage crite-
rion; thus during merging we used the minimum similarity score as the representa-
tive score of the new merged cluster. The similarity score between the new merged 
cluster A–B and cluster C was the minimum of {A–C, B–C}. For the graph link, the 
merge was an OR function of all sets of links. For example, when merging user 
clusters A–B, user A had links to question clusters C and D and answer cluster E, 
and user B had links to question cluster C and answer cluster F. The new user cluster 
A–B will have links to question clusters C and D and answer clusters E and F.

We conducted a pilot study by collecting publicly available data from the Drugs.
com question and answer site1 and tested the quadri-link cluster analysis to identify 
similar questions. A sample screenshot from Drugs.com is shown in Fig. 7.2. We 
collected 200 resolved questions related to obesity so that we could focus on the 
obesity domain in health care for testing and analysis. Along with the questions, we 
collected the answers for the resolved questions and the user details involved. We 
also collected the number of votes obtained for the answers.

Thus, to summarize, the main features that we collected for questions are ques-
tion ID, user ID, title, description, topic, date, and total number of answers. For 
maintaining anonymity and privacy, identifications for questions, answers, and 
users were created as we collected the respective data. Similarly, the main features 
that we collected for answers are listed as answer ID, user ID, question ID, date, 
votes, text, and total comments. The main features that we collected for users are 
user ID, total questions asked by the user, total answers answered by the user, and 

1 https://www.drugs.com/answers/.

Fig. 7.2 Drugs.com question and answer site
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points earned by the user. Based on the collected data, the features listed in Tables 
7.1, 7.2, and 7.3, respectively, for questions, answers, and users were calculated 
before we tested the proposed quadri-link cluster analysis. The results and findings 
from a pilot testing of the proposed quadri-link cluster analysis are discussed in the 
following section.

7.4  Results

We analyzed the content of the clustered questions by looking back at the answers 
and the users involved in the question to judge the similarity of the questions rather 
than the wording of the question itself. We found that the majority of the questions 
users asked contained a detailed description of a personal problem that required an 
answer. We also found that 79% of the questions had detailed descriptions with an 
average word count of 56.

The question with the longest description had 788 words, and it is a detailed 
explanation about diet, exercise, and metformin with a little personal history and 
story such as this “….So let me tell you my story and maybe you can share any ideas 
that you might have regarding what it is I suffer from,….” The question also had 
detailed answers, with the longest answer having 505 words. The answers, in turn, 
had comments that held the conversation lively. Yet another interesting fact was that 
the question was asked in 2012 and it continued getting replies, with the last answer 
posted in 2015. The first answer to the question was answered on the same day it 
was asked. Examples of the sample question and answer are given in Figs. 7.3 and 
7.4. User details are the points they earned in participation and their questions and 
answers as illustrated in Fig. 7.5.

We then evaluated the results of the proposed quadri-link cluster analysis using 
three different combinations of datasets. We compared the results by using quadri-
partite cluster analysis (Blooma et al. 2016).

Fig. 7.3 A sample question
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In quadripartite cluster analysis, the most similar questions that evolved were 
“Do Chlordiazepoxide/clidinium pills cause weight gain?” and “Can periactin 
increase your appetite?”. In this case, the user and the response were the same and 
that lead to the clustering, which is a result of the algorithm used. However, as sug-
gested by the study, there is an immense need to put more emphasis on the medical 
terms. Yet another set of similar questions identified were “Drug induced weight 
gain; any solutions?” and “Can you take this with antidepressants?”. In this case, the 
questions are very vague. The question leads to a sequence of discussions to describe 
the medicine that led to the question. The same user answered the question and the 
answer was to ask more details regarding the medicine. This process led to the ques-
tions being clustered as similar. Hence, based on the analysis, we extended the quad-
ripartite cluster analysis to gauge the features as in quadri-link cluster analysis.

In the quadri-link cluster analysis, the first pair of questions that were clustered are 
“Does trazodone cause constipation or weight gain?” and “Does buspar cause weight 

Fig. 7.5 A sample user profile

Fig. 7.4 A sample answer
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gain or constipation?”. In this case, they were found to be similar. On analysis, it was 
interesting to note that both of the questions were asked by the same user on the same 
day. The questions had a different cohort of users answering the question; however, 
the answers were not the same but did agree that the drugs caused weight gain or 
constipation. This is clear evidence of the precision of quadri-link cluster analysis. 
Another example of similar questions is “Kindly inform me about the recommended 
medicine that causes weight to lose?” and “Just to get rid of obesity, which drug is 
beneficial?”. On analysis, it is not only the questions that were similar but also the 
same user asked both questions. The answers for the questions were differently 
worded but had the same meaning. Hence, this is yet more clear evidence of the pre-
cision of quadri-link cluster analysis. Another example of similar questions asked 
and answered by different users that were clustered is “Feedback on prozac? Can 
anybody give me feedback on Prozac, especially, energy level, weight loss …” and 
“Prozac—like it? Can someone give me some information about Prozac?”

On the other hand, quadri-link cluster analysis did not distinguish between dif-
ferent medical terms when the questions were phrased the same except for the medi-
cal terms. For example, “Does cyclobenzaprine cause weight gain?” and “Does 
polyethylene glycol 3350 cause weight gain?” were clustered, and “Does cymbalta 
(60 mg) cause weight gain?” and “Does this effexor cause weight gain?” were found 
similar. “Does Lupron injections cause weight gain in women?” and “Does Trileptal 
or the Generic cause weight gain?” are yet another combination of questions that 
were found similar. Although quadri-link cluster analysis was found to be more 
precise than quadripartite cluster analysis, there is a need to emphasize the use of a 
medical thesaurus to identify similar medical terms to avoid clustering questions 
that have all of their features similar except for the medical terms (Zhang and Zhao 
2013; Blooma and Wickramasinghe 2016).

7.5  Discussion

The application of design science theory as a cluster analysis technique is a novel 
step toward identifying similar questions. We present the findings of this study 
based on the five activities as detailed by Peffers et al. (2007).

Activity 1—Problem identification and motivation: The specific research problem is 
identifying similar questions in healthcare SQA services. Health information 
needs and the omnipresence of social media have made users seek and answer 
queries in various arenas like SQA services. Hence, the motivation for this study 
was significant as the quality and the source of the questions and answers varied 
widely. Moreover, little is known about how to identify similar questions to reuse 
the content collected in healthcare SQA services.

Activity 2—Define the objective of a solution: We focused on developing quadri- 
link cluster analysis based on the relationship between content and the users 
involved to solve the complexity of searching through user-generated content in 
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healthcare social media. Most importantly, we produced a viable artifact in the 
form of quadri-link cluster analysis. Thus, applying design science theory, we 
aided in assisting and mining the content shared to make the process of retrieving 
quality content relevant to users easier.

Activity 3—Design and Development: The designed artifact in this study is an 
instantiation of quadri-link cluster analysis. As we designed the artifact, we 
defined the list of features used with respect to questions, answers, and users. We 
then framed the quadri-link model comprised of questions, answers, users, and 
concepts to calculate the similarity measure. We finally developed the similarity 
measure and the algorithm to cluster similar questions.

Activity 4—Evaluation: We evaluated the artifact based on a pilot study as detailed 
in the results section. The evaluation resulted in clear evidence of improved pre-
cision of quadri-link cluster analysis. Although the findings from this study are a 
pilot attempt, there is a need to extend the analysis to various variations of simi-
larity measures and datasets collected from other SQA services, like MedHelp, 
to evaluate the precision of quadri-link cluster analysis. This study can be 
extended to apply and evaluate other types of content in social media to cluster 
similar content, like tweets in Twitter and postings and comments in Facebook.

Activity 5—Communication: We published the algorithm and its applicability on 
healthcare social media. We also emphasize the fact that the nature and use of 
design science theory and quadri-link cluster analysis will be compared and con-
trasted in future studies.

7.6  Conclusion

Healthcare SQA services enable patient empowerment and the better transfer of 
pertinent information and germane knowledge with the potential end result being 
superior healthcare delivery. Furthermore, regarding the nature of chronic diseases 
where prevention is a key factor, a healthcare SQA service plays a major role in 
supporting healthier lifestyle practices. The pervasive nature of healthcare SQA ser-
vices means that this is a benefit that most, if not all, people can enjoy. In many ways 
a healthcare SQA service has the potential to revolutionize current healthcare deliv-
ery practices and/or roles. In addition, it has a key role to play regarding public 
health and enabling education and change of lifestyle for all. Hence, this research 
sheds light on how various factors that influence specific types of health outcomes 
contribute to both theory and practice.

In particular, the proposed quadri-link cluster analysis contributes to the health-
care informatics domain by introducing content-, user-, and concept-based cluster-
ing applicable to sort the issues faced in content-based similarity. Based on a design 
science approach, the quadri-link model, similarity measures, and the cluster analy-
sis algorithm showed that similarity was improved with respect to not only the 
words in the questions but also the context, which in turn improved the precision. 
Although the results in this paper were tested using 200 questions and the top results 
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analyzed, there is a need to test quadri-link cluster analysis for various combina-
tions of data as part of future work. As highlighted in the earlier section, there is also 
a need to integrate a medical thesaurus so that we can further extend the concepts to 
be very specific for medical terms.
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