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ABSTRACT 

 

Question and Answering (Q&A) systems are currently in use by a large 

number of Internet users.  Q&A systems play a vital role in our daily life as 

an important platform for information and knowledge sharing. Hence, much 

research has been devoted to improving the performance of Q&A systems,   

with a focus on improving the quality of answers provided by users, reducing 

the wait time for users who ask questions, using a knowledge base to provide 

answers via text mining, and directing questions to appropriate users.  Due 

to the growing popularity of Q&A systems, the number of questions in the 

system can become very large; thus, it is unlikely for an answer provider to 

simply stumble upon a question that he/she can answer properly.  The 

primary objective of this research is to improve the quality of answers and to 

decrease wait times by forwarding questions to users who exhibit an interest 

or expertise in the area to which the question belongs.  To that end, this 

research studies how to leverage social networks to enhance the 

performance of Q&A systems.  We have proposed SocialQ&A, a social 

network based Q&A system that identifies and notifies the users who are 

most likely to answer a question.  SocialQ&A incorporates three major 

components: User Interest Analyzer, Question Categorizer, and Question-

User Mapper.  The User Interest Analyzer associates each user with a vector 

of interest categories.  The Question Categorizer algorithm associates a 
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vector of interest categories to each question.  Then, based on user interest 

and user social connectedness, the Question-User Mapper identifies a list of 

potential answer providers for each question.  We have also implemented a 

real-world prototype for SocialQ&A and analyzed the data from 

questions/answers obtained from the prototype. Results suggest that social 

networks can be leveraged to improve the quality of answers and reduce the 

wait time for answers.  Thus, this research provides a promising direction to 

improve the performance of Q&A systems.  
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CHAPTER 1 

INTRODUCTION AND MOTIVATION 

 

 In this chapter, we motivate and introduce the research.  We present 

the background for Question and Answering (Q&A) systems, the motivation 

for developing a new Q&A system, and the objectives and contributions of 

our research.   

The Internet is an important source of information, and the amount of 

data on the Internet is vast and constantly growing.  Users rely on search 

engines to find specific information within this knowledge base.  Search 

engines such as Google1 and Bing2 do a good job of indexing web pages and 

providing users with pages relevant to their search queries. These search 

engines use keywords provided by the users to perform searches; however, 

there are some specific questions that are not suited for search engines.  For 

example, ―Where is the best place to get your car fixed in Clemson?‖ Q&A 

systems have been developed to address this particular class of non-factual 

questions.  Since their inception, Q&A systems have proved to be a valuable 

resource for sharing expertise and consequently are used by a large number 

of Internet users.   

                                                 
1 http://www.google.com 
2 http://www.bing.com 
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Q&A systems also preserve all previous questions and answers, thus 

acting as a repository for information retrieval.  Currently, Q&A systems play 

a vital role in academia, as they can aid students who use online learning 

systems to resolve their questions.  Many students post their questions on 

online Q&A systems such as Yahoo! Answers3 and Stackoverflow4.  As 

mentioned by Adamic et al. [55], Q&A sites are not only important for 

sharing technical knowledge, but also as a source for receiving advice and 

satisfying one‘s curiosity about a wide variety of subjects. Due to the growing 

importance of Q&A systems, many researchers have focused on improving 

the functionality and efficiency of Q&A systems. As mentioned by Radford et 

al. [3], the growing importance of Q&A systems in both research and 

academic communities demands an effort to better understand these 

systems and strive towards improving them.  Hence, it is important to 

contribute to the improvement of Q&A systems.  

In this thesis, the term ―end user‖ represents a user who posts a 

question, the term ―answer provider‖ represents a user who is considered to 

have the potential to provide an answer, and the term ―user‖ represents any 

general user in the system. 

There are many Q&A systems available such as Yahoo! Answers, 

StackExchange5, Quora6, etc.  These are widely used by vast populations on 

                                                 
3 http://www.answers.yahoo.com 
4 http://www.stackoverflow.com 
5 http://www.stackexchange.com 
6 http://www.quora.com 



 

 

3 

a daily basis: Yahoo! Answers was launched at the end of the year 2005 and 

had more than 10 million users as of February of 2007 [4], and according to 

the Yahoo! Answers blog, there are currently 200 million users with 15 

million visits every day [5].  This shows that the number of users is 

increasing exponentially and also that these users are active. 

Current Q&A systems consist of hundreds of thousands of users, so the 

number of questions asked is also very large.  Consequently, when a user 

intends to answer a question, he/she may be overwhelmed by the plethora of 

questions needing answers.  Moreover, there are potentially some questions 

where a user has expertise and can provide a better answer than other 

users, but there is currently no way for him/her to locate those particular 

questions among the thousands of posted questions.  For a given question, 

the user who is interested or has expertise in a specific topic would provide 

better answers than the user who possesses less knowledge of the topic.  

Thus, there is a need to develop a mechanism that would forward questions 

to the appropriate answer providers, whose interest/expertise matches the 

question‘s topic(s).   

To map questions to answer providers, currently available Q&A 

systems allow end users to choose tags (interest categories) for their 

questions. However, such an approach has two problems: 

1. The tag(s) provided by the end user might be inaccurate. 

2. Sometimes, the end user does not know the appropriate tag(s) should 

to attach to a question. 
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Li et al. [5] carried out research on routing questions to the 

appropriate users; they tracked 3000 random questions from Yahoo! 

Answers and Baidu Zhidao for a period of 48 hrs.  As shown in Figure 1, they 

found that for Yahoo! Answers, only 17.6% of questions were answered 

satisfactorily.  From the remaining 82.4%, one fifth of the questions 

remained unanswered.  For Baidu Zhidao, 22.7% of questions were 

successfully answered, and 42.8% of the unresolved questions were not 

answered at all [5].  Clearly, there is room for improvement in the Q&A 

domain to decrease the number of unanswered questions in a Q&A system. 

Hence, there is an increasing need for an advanced method to route 

questions to those users with the highest likelihood of answering them with 

expertise in that subject area.     

 

 

 

 

 

 

 

 

 

 Towards this goal, this research studies leveraging social networks to 

route questions to appropriate answer providers to improve the quality of 

Figure 1. Q&A statistics related to Yahoo! Answers and Baidu Zhidao 
based on data provided by Li et al. [5]. 

Yahoo! Answers Baidu Zhidao 

Answered: successfully 

Answered: unsuccessfully 

Unanswered 
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answers provided by the answer providers and to reduce the amount of time 

the end user must wait to obtain an answer.  We propose a Q/A system 

called SocialQ&A that considers user interest and social connectedness to 

identify potential answer providers that would provide high-quality answers 

in a short time period. Though previous research efforts [2,64] also use 

social networks for Q&A systems or search engines, this research is different 

from previous efforts in two aspects: (1) it aims to improve the quality of 

answers and reduce the wait time for answers, and (2) it explores a different 

method to identify potential answer providers for questions. SocialQ&A 

derives each user‘s interests from his/her profiles and Q&A activities, and 

produces the user‘s interest vector. It also calculates the social 

connectedness between users based on their interest similarity, interactions 

and common friends. To identify potential answer providers, SocialQ&A 

considers two metrics: the interest of the answer provider towards the 

question and the social connectedness of the answer provider with respect to 

the end user. 

The contributions of this Master‘s thesis are as follows: 

1) The design of SocialQ&A.  SocialQ&A is a social network based Q&A 

system developed as a part of this research.  SocialQ&A is 

composed of three components: 1) User Interest Analyzer, 2) 

Question Categorization, and 3) Question-User Mapper.   

2) The implementation of a real-world SocialQ&A system. We have 

prototyped the SocialQ&A system and conducted a real-world test 
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with 124 users from India, the United Kingdom, and the United 

States for a period of approximately one month. 

3) The collection and analysis of the data from SocialQ&A. We have 

analyzed the features of the questions posted, the questioning and 

answering activities of users, the quality of questions, the wait time 

for answers, and the question categories. 

It is indicated in [63] that Computer Engineering is the design and 

prototyping of computing devices and systems, and concentrates its effort on 

the ways in which computing ideas are mapped into working physical 

systems. One main branch of Computer Engineering is ―Networks‖ that is 

concerned with design and implementation of distributed computing 

environments, from local area networks to the World Wide Web. This 

research focuses on the design and prototyping of a working physical system, 

a social network based Q/A Q&A system. 

In this chapter, we have introduced Q&A systems and the motivations 

for this research.  We briefly described our proposed system and highlighted 

our contributions.  The remainder of this thesis is organized as follows. 

Chapter 2 covers the background of Q&A systems, the history of search 

engines, information retrieval paradigms, and the evolution of Q&A systems 

over time.  It also provides a brief overview of related research conducted in 

Q&A systems.  Chapter 3 explains the architecture and implementation 

details of SocialQ&A.  Chapter 4 provides the testing results and analysis 
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obtained from the real-world SocialQ&A prototype.  Chapter 5 offers 

conclusions and potential future research directions. 
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CHAPTER 2 

BACKGROUND AND RELATED WORK 

 

The purpose of this chapter is to familiarize the readers with the 

background of Q&A systems and state-of-the-art studies on SocialQ&A 

systems.  Q&A systems are closely related to search engines and information 

retrieval paradigms. Thus, we first introduce the history of search engines 

and information retrieval paradigms, and then introduce the evolution of Q&A 

systems concerning the shift towards social searches, text mining 

approaches, and answer provider identification. As answer provider 

identification is the most relevant topic to our research, we present a review 

of previous studies on this topic and briefly present the distinguishing 

features of our proposed SocialQ&A system. 

 

2.1 Background 

In this section, the motivation for development of Q&A systems and 

the evolution of Q&A systems are discussed in detail.  The section also 

describes two commonly implemented information retrieval paradigms, 

namely, the Library paradigm and the Village paradigm [2]. Finally, it 

provides the preliminary concepts that were used to implement SocialQ&A. 
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2.1.1 The history of search engines 

There is an abundance of web sites present on the Internet with vast 

amounts of information, each of which is increasing rapidly.  With so much 

information present on the Internet, it can be problematic for users to find 

specific information.  This information retrieval problem was the basic 

incentive for the invention and development of search engines [1,32].  

Initially, search engine databases were constructed manually; thus, they 

were difficult to maintain and update.  As mentioned by Brin and Page [1], 

these search engines sufficiently indexed the most interesting and common 

topics, but failed to collect information that was uncommon and sparse.   

Until the arrival of Google, automatically indexed search engines were 

considered substandard because of the low quality of search results that they 

returned.  Google, which originated from the Stanford Digital Library Project 

by Page et al. [22],  transformed the way automated search engines worked 

by making the search process extremely intelligent, thus eliminating the 

noise in the search results that had been present in earlier automated search 

engines.  Google makes heavy use of the additional structure present in 

hypertext to provide higher quality search results and is designed to scale 

well for extremely large data sets.  It also makes efficient use of storage 

space to store the index, and its data structures are optimized for fast access 

[1].  However, with the passage of time, searching using only web-based 

search engines for a specific query became a tedious task because the 

queries of users were in natural language, but the search engine tried to use 
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keywords from the query to find a relevant web page, assuming it would 

provide the user with the desired answer.  Since traditional search engines 

perform poorly when the question is asked in natural language, the challenge 

of natural language queries laid the foundation for online Q&A systems and 

an entirely new area of research in the field of online computing.  

 

2.1.2 Information retrieval paradigms 

The most fundamental and widely adopted paradigm for information 

retrieval is the Library paradigm as described in [2], which is used by Google 

and most other contemporary search engines. The Library paradigm uses 

keywords as the criteria for searching.  The information is present in the form 

of web pages and the user provides various keywords relevant to his/her 

query to a search engine.  The search engine, in turn, provides related web 

pages to the user.  The web pages are indexed by an administration 

authority such as Google, Yahoo!, Microsoft, etc.; thus, the trust is based on 

authority. The algorithm implementing the Library paradigm is designed to 

use the cues provided by the end user in the form of search keywords to 

calculate the relevance of a web page to those words.  The relevant web 

pages are then represented to the user as search results.  It is the task of 

the user then to find the correct web page from these results.   

The name ‗Village‘ in the Village Paradigm [2] comes from the way 

information retrieval functioned before the Internet era.  In a village, people 

used natural language to ask questions and directed those questions to 
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people who they knew personally and who would be able to answer the 

questions.  Thus, the flow of information in the Village paradigm is based on 

the social connections of the user.   

The objectives of systems employing the Library paradigm are very 

different from systems employing the Village paradigm.  The main aim of a 

system using the Library paradigm is to find the web page that can provide 

the appropriate information pertaining to the search keywords specified by 

the user, whereas the goal of a Village paradigm system is to find the 

appropriate person rather than the appropriate web page [2]. 

Neither paradigm is perfect; however, each paradigm has certain 

scenarios that make one more useful than the other.  For example, if an 

individual wants to know the area of a country or the population of a country, 

the Library paradigm would be more suitable since one would not expect 

his/her friends or colleagues to remember such facts.  Conversely, if one 

would like to know a good course to take during the spring semester at a 

given university, the Village paradigm would be more useful than the Library 

paradigm.  Thus, certain questions are inherently ill-suited for the keyword 

search approach, because people tend to consult others in matters of 

opinion.  However, the strength of the Library paradigm for information 

retrieval relative to the Village paradigm is that the end user does not 

depend on another individual for the resolution of his/her query.  In 

summary, the Library paradigm is more suitable for fact-based questions, 

and the Village paradigm is more suitable for opinion-based questions. 
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2.1.3 Evolution of Q&A systems 

Q&A systems provide a web-based environment for users to 

communicate with each other.  The end users ask questions in natural 

language through the user interface.  The question is visible to all users in 

the system, and the users that have enough expertise to answer a question 

do so.  There can be multiple answers to a single question; subsequently, the 

end user can decide which answer is the best for his/her question.  Q&A 

systems are also a useful resource for the reuse of the acquired information, 

since the questions that are answered successfully are stored in the system 

and other end users with a similar question can search the database to 

obtain the solution immediately. 

 

2.1.3.1 Shift towards social searching 

The Village paradigm has resulted in an evolution of Q&A systems.  

Evans et al. [37] identified searching as a social activity, as opposed to a 

solitary activity, and demonstrated that social interactions before, during, 

and after the search activity can help improve the search results.  Morris et 

al. [38] discussed the growing trend towards posting queries as social 

network statuses instead of using web search engines.   

Moreover, as stated by Barker [17], there has been a shift in the world 

of education in last two decades towards making the process of learning 

based on constructivism rather than on transmission, that is, toward making 

the learning environment move from teacher-centered to student-centered.  
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According to Putnam et al. [18], the educators and teachers are now basing 

their teaching methodologies on principles of social learning where learning 

takes place in collaboration instead of in isolation [19].  In the online learning 

environment, students ask questions regarding the material they have 

learned and experts in a particular domain provide a very useful resource for 

aiding these students, as stated by Han et al. [16].  Thus, Q&A systems 

could be a very useful accessory to online learning environments.   

 

2.1.3.2 Text mining approaches 

Since the advent of Q&A systems, there have been many attempts to 

improve the quality of the answers provided to the questions and to minimize 

the time period involved between the posting of a question and the response 

to the question [2,5,6,7,8,10].  There has been much research focused on 

making Q&A systems intelligent such that they can provide answers 

automatically without the need of human users [56,39,41,40].  In these 

systems, previous answers given by human users are used as the knowledge 

base to form the new answers.  The research by Akiyoshi et al. [11] was 

based on the algorithms used for retrieval of similar Q&A articles in web 

bulletin boards.  The authors believe that the methods presented by 

Mochihashi et al. [24], Radev [25], and Sakurai et al. [26] are similarity-

based methods and do not utilize the best information present in the end 

user‘s query.  They proposed a method where they obtained the relevance 

index from commercial web search engines.  Relevance index is a measure of 
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how closely the thread in the web bulletin board is related to the end user‘s 

search query.  To calculate the relevance index using Internet search 

engines, they take a ratio of AND retrieval and OR retrieval for all the words 

present in the search query and use this ratio to determine the association 

index.  This research improves the retrieval accuracy over that of keyword-

based retrieval, but is inefficient due to the unrelated and irrelevant 

keywords present in the articles.  The method presented by Akiyoshi et al. 

[11] exploits the inherent structure of bulletin board systems (BBS), which 

have a thread structure containing one query and multiple solutions to that 

query.  The algorithm compares the association index from web search 

engines to the relevance index derived from the BBS structure.  Based on the 

experiments conducted, the algorithm in [11] improves the retrieval accuracy 

by 30% compared to a similarity-based method. 

 Research by Xie et al. [21] is directed toward mining information from 

web pages and presenting the mined answers to the end user.  The authors 

claim that prior work in this area focused on returning answers related to the 

question asked by the end user.  However, the authors identified that those 

answers were not accurate, therefore, they were not as useful to the end 

users.  The authors proposed an alternative solution where the objective is to 

perform the semantic analysis of all answers returned by the search engines 

and then present the end user with a fused answer.  The objective is to fuse 

the answers based on their similarity.  The answers are clustered using a 
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lexical database like WordNet7
 and then the answers belonging to the same 

cluster are fused.  The fusion is carried out using three methods: 1. Data 

quality-based fusion, which uses WordNet to determine the quality and then 

assigns data quality attributes to an answer dynamically; 2. Content rule-

based fusion, where the users rate the answer using 11 predefined tags like 

min, max and major; and 3. Mixed method-based fusion, which considers 

both the first and the second methods (details and mathematical 

representation can be found in [21]).   

 

2.1.3.3 Answer provider identification 

The authors of [57,58,59,60,64] concentrate on locating experts and 

authoritative users in the system. Much research in Q&A systems was 

directed toward the categorization of questions into pre-defined categories 

[42, 43, 44], making it easier for end users to locate previously asked 

questions as well as for experts to find questions they can answer.   

Some systems use a reputation system to depict the credibility of the 

answer provided by the user.  Users providing high-quality answers would be 

rated higher by his/her peers and thus, would have good reputations.  On the 

other hand, users providing answers that are not at all useful or are of 

mediocre quality would have relatively lower reputations. Consequently, 

studies are conducted to create a reputation model and incorporate that into 

                                                 
7 WordNet is a registered trademark of Princeton University, available by 

anonymous ftp from clarity.princeton.edu. 
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Q&A systems [45,46] and to determine the relationship between the 

reputation of the user and the quality of answers provided [47].  

 

2.1.4 WordNet 

 WordNet is a lexical database for the English language that is used for 

natural language system development [13,20].  English nouns, verbs, 

adjectives, and adverbs are organized into sets of synonyms, each 

representing a lexicalized concept; semantic relations link the synonym sets 

[14].  In WordNet, the words are not represented by their individual forms, 

but by their meanings or lexemes.  The meaning of a word is described using 

a set of synonyms (Synset) that represent that word [15]. The path-lengths 

between words indicate synonymous proximity between the words. We use 

WordNet to parse the user information in SocialQ&A to derive users‘ 

interests.  SocialQ&A uses one-hop path length for generating the Synset of 

each of the pre-defined interest categories.  Figure 2 shows the two-hop 

Synset for the word ―be‖ as generated by wordnet. 
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Figure 2. Two-hop Synset for the word ―be‖ generated by WordNet. 
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2.2 Related work 

Since identifying answer providers in Q&A systems is the most 

relevant topic to this research, we present a review of previous studies on 

this topic in this section. 

Li et al. [6] conducted a study aimed at incorporating the concept of 

question category to question routing systems for improving the efficiency of 

community-based Q&A systems.  The study focused on 400,000 resolved 

questions belonging to the ‗Computer & Internet‘ and ‗Entertainment & 

Music categories of Yahoo! Answers.  They showed that including the 

concept of question category for question routing in community based Q&A 

systems can provide an answer provider expertise with higher accuracy 

compared to the traditional Query Likelihood Language Model (QLLM) 

proposed by Liu et al. [27], the state-of-the-art Cluster-Based Language 

Model by Zhou et al. [28], and a mixture of Latent Dirichlet Allocation and 

QLLM presented by Liu et al. [10].  Moreover, they showed that from a 

computing cost perspective, the proposed category sensitive language 

model is more efficient than the three models stated above.  The paper 

presents detailed information regarding the degree to which the proposed 

method is superior to the other mentioned methods.  Table 1 below contains 

the precision of the method proposed by the authors versus the other 

methods. 
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Table 1. Different methods‘ precisions in question routing, B. Li et al. [6]. 

 

 

A general phenomenon seen in Q&A systems occurs when two or more 

end users ask the same question repeatedly; this condition is undesirable 

because it wastes system resources due to the presence of redundant 

information.  Moreover, this is an annoyance for Q&A system users, since 

they see the same question asked repeatedly even when it has been 

answered in the past.  Cao et al. [7] focused their research on improving the 

user‘s experience by decreasing the user wait time between asking a 

question and receiving an acceptable answer.  The authors devised an 

algorithm that determines if a similar question exists among any previously 

asked questions when a user posts a new question.  If the algorithm is able 

to determine with sufficient confidence that a similar question does exist, it 

suggests those questions and answers so that the end user does not need to 

wait and can benefit from the previous expertise.  The authors exploited the 

category classification from the ―Question Answer‖ archives of various 

Table 2: D i ffer ent m et hods’ Pr ec@K i n QR ver sus var ious K s (best r esul t s in bold)

K QLLM BCS-LM TCS-LM LDALM CBLM

1 0.0795 0.1114 (↑40.13%) 0.1227 (↑54.34%) 0.0989 (↑24.40%) 0.0000

3 0.1659 0.2364 (↑42.50%) 0.2340 (↑41.05%) 0.1950 (↑17.54%) 0.0000

5 0.2091 0.2727 (↑30.42%) 0.2705 (↑29.36%) 0.2455 (↑17.41%) 0.0000

10 0.2705 0.3386 (↑25.18%) 0.3455 (↑27.73%) 0.3102 (↑14.68%) 0.0000

20 0.3386 0.3909 (↑15.45%) 0.3932 (↑16.13%) 0.3710 (↑9.57%) 0.0091

40 0.4136 0.4523 (↑9.36%) 0.4591 (↑11.00%) 0.4392 (↑6.19%) 0.0273

60 0.4477 0.4818 (↑7.62%) 0.4795 (↑7.10%) 0.4649 (↑3.84%) 0.0545

80 0.4727 0.4955 (↑4.82%) 0.4909 (↑3.85%) 0.4867 (↑2.96%) 0.0727

100 0.4909 0.5159 (↑5.09%) 0.5114 (↑4.18%) 0.4979 (↑1.43%) 0.0795

Table 3: M R R and M A P of var ious m odels (best
r esul t s in bold)

Method MRR MAP

QLLM 0.1460 0.1070

BCS-QLLM 0.1893 (↑29.66%) 0.1424 (↑33.08%)

TCS-QLLM 0.1965 (↑34.59%) 0.1469 (↑37.29%)

LDALM 0.1695 (↑16.10%) 0.1281 (↑19.72%)

CBLM 0.0031 0.0024

Table 4: Var ious m et hods’ M QRT in QR ( in sec-
onds)

QLLM BCS-QLLM TCS-QLLM LDALM CBLM

10.4271 5.5098 8.9884 16.7689 4.2488

and assign weights to these profi les according to the degree
of similarit ies. Therefore, they give more precise expert ise
est imat ion and thus improve QR’s performance.

5.1.4 Category Sensitive LMs vs. CBLM vs. LDALM

Across these four methods, CBLM performs the worst .
The probable reason is that a great amount of answerers

only answered in one cluster (leaf category), as such their
cont ribut ions to this cluster are 1. Under this circumstance,
these answerers’ expert ise is actually measured by those
clusters’ “ expert ise”, which will causemany answerers to own
the same expert ise and thus make the ranking meaningless.
LDALM increases Pr ec@K of QLLM, which shows the im-

pact of ut ilizing latent topics, but explicit quest ion category
provides more help than latent topics as category-sensit ive

LMs outperform LDALM at various K s. MRR and MAP of
these four methods report the similar results and detail will
not be provided here.

When turning to MQRT, we find that CBLM works the
best , followed by BCS-LM and TCS-LM, while LDALM
costs much more t ime in inference. CBLM est imates an-
swerer expert ise through combining answerer’s cont ribut ion
to each cluster (which is pre-computed) and the probability
of generat ing the routed quest ion from each cluster (which is

efficient to calculate), thus it makes the fast est est imat ion.
However, the est imat ion made by CBLM is most inaccurate,

as stated above. On the whole, category-sensit ive LMs are
t ime-efficient among the four methods.

In summary, category-sensit ive LMs give more accurate
expert ise est imat ion than CBLM and LDALM and at the

same t ime keep high t ime-efficiency.

6. CONCLUSION
This paper report ed here is an invest igat ion of apply-

ing quest ion category to QR in CQA services. The ques-
t ion category was adopted to the development of category-

sensit ive LMs for est imat ing answerer expert ise. Experi-
ments on large-scale real world data revealed that category-
sensit ive LMs obtained more accuracies of expert ise est i-

mat ion, relat ive to QLLM and state-of-the-art algorit hms
including CBLM and LDALM. Result s of experiments have
proven that higher accuracies with lower costs are achieved

due to the inclusion of quest ion category in rout ing ques-
t ions, which have therefore provided empirical evidence to
validate the incorporat ion of quest ion category in QR for
CQA services. In future work, effects of quest ion category
on the content quality of answers and quest ions in CQA

services can be further detected.
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communities and implemented a local smoothing algorithm to make their 

searching more efficient and accurate.  Similar studies were conducted by 

Duan et al. [29], Jeon et al. [30], and Wang et al. [31] where the main focus 

of the research is to find similar questions in a community Q&A system. 

Additionally, there were attempts in the past to study the quality of answers 

provided in Q&A scenarios [52,53,54,58]. 

Horowitz et al. [2] proposed to make search engines social.  They 

developed a social search engine known as Aardvark for this purpose.  

Aardvark is formed from four main components as discussed in the paper:  

(1) Crawler and Indexer, (2) Query Analyzer, (3) Ranking Function and (4) 

User Interface.  The users of Aardvark can enter their search queries through 

a text message, an email, or a normal web browser.  The queries are 

presented to Aardvark in natural language.  The aim of this research is to 

make the process of searching more social by providing the users with a real-

time system to communicate with one another mediated by Aardvark.  

Aardvark‘s goal is to find a user who could potentially resolve the search 

query of the end user in real time. After finding the appropriate user, 

Aardvark determines whether this user could assist the end user, waits a 

pre-determined time for a response, and then moves on to the next 

appropriate user in the list until the end user receives a response.  A total of 

90,361 users tested Aardvark actively over the period of 6 months, and from 

those users, 78,343 provided feedback for the research where Aardvark was 

compared with Google search.  It was found that 71.5% of the total queries 
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were answered successfully on Aardvark with a mean rating of 3.93 out of 5; 

while 70.5% of the queries were answered successfully on Google with a 

mean rating of 3.07 out of 5. Thus, the research indicates that the average 

user satisfaction was higher for Aardvark, reflecting that the users found the 

quality and relevance of the answers in Aardvark to be better than the search 

results given by Google.    

 To efficiently identify potential answer providers, Li et al. [64] 

proposed a distributed Social-based mObile Q&A System (SOS) with low 

node overhead and system cost as well as quick response to questions. SOS 

leverages the lightweight knowledge engineering techniques to transform 

users‘ social information and closeness, as well as questions to IDs, 

respectively, so that a node can locally and accurately identify its friends 

capable of answering a given question by mapping the question‘s ID with the 

social IDs. The node then forwards the question to the identified friends in a 

decentralized manner. After receiving a question, the users can decide to 

forward the question or answer the questions if able. The question is 

forwarded along friend social links for a number of hops, and then resorts to 

the server. The cornerstone of SOS is that a person usually issues a question 

that is closely related to his/her social life. 

Guo et al. [8] explored the topic of recommending potential answer 

providers.  Their approach is to delineate a ranked list of potential answer 

providers by solving three associated sub-problems associated with this task.  

First, to tackle the problem of finding the focus of the question, they used 
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two forms of question representation: topic-level representation and term-

level representation. Topic-level representation is basically the same as 

categorization; on the other hand, for the purpose of term-level 

representation, the authors use the BM25F method [9], which is an extension 

of the 2-Poisson model of term frequencies in documents [61], described in 

detail by Robertson et al. [9].  The main advantage of using BM25F is that it 

preserves the term frequency information of the text.  The second sub-

problem described by the researchers is that of defining user expertise and 

interest representation.  For this purpose, they used the topic-level 

description of a question and also the profile information of the users.  Then, 

they mined for terms in questions as well as previous answers provided by 

the user in question to define his/her expertise and interest.  The third sub-

problem is that of ranking the potential candidates, which is tackled by 

assigning weights to topic-level similarity rank and the term-level similarity 

rank and combine them. 

A similar study was done by Li et al. [5] two years later.  They 

proposed a ‗Question routing framework‘ wherein they disintegrated the 

process of routing a question into four phases: (1) Performance Profiling, (2) 

Expertise Estimation, (3) Availability Estimation, and (4) Answerer Ranking.  

When a question is posted, users are profiled based on their past answering 

performance. The next step estimates the user‘s expertise based on his/her 

interest and profile.  For expertise estimation, a number of features are 

extracted from the answer, and Kernel Density Estimation [50] is used for 
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conversion of non-monotonic features.  Then, the potential answer providers 

are checked for availability based on their past login times.  After taking 

these factors into consideration, the questions are routed to the most highly 

ranked users.  

Liu et al. [10] focused on a similar problem but used a different 

approach to model users‘ interests.  They also took user authority and 

activity into account for better results.  The methods used in this research 

are: (1) Language Model and (2) Topic Model, based on Latent Dirichlet 

Allocation by Blei et al. [48].  The Language Model uses words appearing in 

the question and the words occurring in all previous answers to calculate the 

interest of the potential answer provider to answer the question, and then 

uses the Dirichlet smoothing method originally proposed by Zhai et al. [49].  

The Topic Model based on Latent Dirichlet Allocation (LDA) approaches the 

problem of lexical gap, which is the weakness of the Language Model. The 

lexical gap problem is addressed by identifying the latent topic of interest for 

the potential answer provider.  Using LDA, the words in the user profile are 

used to generate a corpus of words, which defines the user profile including 

the possibly latent interests of the user.  This corpus of words is then used to 

estimate the probability that the user can/will answer the question. 

 

2.3 SocialQ&A 

The important difference between SocialQ&A and previous social 

network based Q&A approaches covered in the related work is that SocialQ&A 
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uses a different method to exploit the answer provider‘s profile information 

and interests as well as the end user‘s social network to route the question.  

Additionally, interest information for all users in the system is continuously 

updated based on their actions (questions they ask and questions they 

answer). SocialQ&A aims to improve the answer quality and reduce the wait 

time for answers. Unlike many prevalent Q&A systems, SocialQ&A routes the 

questions only to the answer providers in the end user‘s social network to 

ensure that the notifications do not become a source of frustration for answer 

providers.  However, any user can still see all questions asked by any end 

user of SocialQ&A by browsing the recently posted questions, regardless of 

how the questions were routed.  Any user can also answer or forward a 

question regardless of whether it was specifically routed to him/her by the 

system. 

 

2.4 Summary 

In this chapter, we have discussed the development and evolution of 

Q&A systems in the quest to provide answers to questions asked using 

natural language by end users. There has been continuous innovation in the 

field of Q&A systems, and we have reviewed many studies conducted for the 

improvement and development of Q&A systems. We have identified the 

unique contribution of SocialQ&A compared to the prior research. The 

following chapter will provide insight into the design of the SocialQ&A 

system.  
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CHAPTER 3 

SOCIAL Q&A UNDER THE HOOD 

 

This chapter describes in detail the design of SocialQ&A. First, it briefly 

introduces the components of SocialQ&A and describes the high-level 

functionality of each of these components.  Second, the flow of events in 

SocialQ&A is introduced to explain the methods employed by SocialQ&A. 

Finally, each component and their interactions are described in detail.  

 

3.1 Architecture of SocialQ&A 

The objective of this research is to design a Q&A system to improve 

the quality of answers and decrease wait times by leveraging social 

networks.  Thus, we developed algorithms to leverage the aspects of social 

networks and implemented a real-world social network-based Q&A system, 

called SocialQ&A, that utilizes user profile information, user action history, 

and user interactions in the social network.  A detailed description of the core 

components of SocialQ&A is presented in this section and the algorithms 

used to realize the functions of each component are provided in Section 3.3. 

Figure 3 shows the high-level architecture of SocialQ&A and the 

interaction between the core components: (1) User Interest Analyzer, (2) 

Question Categorizer, and (3) Question-User Mapper.  Component (1) 
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analyzes data associated with each user in the social network to derive user 

interests. Component (2) categorizes the end user questions into an interest 

category based on the category Synsets from WordNet. Based on information 

from Component (1) and Component (2), Component (3) forwards the 

questions from the end user to users who are likely able to satisfactorily 

answer the questions. The data from end user questions and subsequent 

answers is stored on a server to serve subsequent similar questions.   

 

Figure 3.  Architecture of SocialQ&A and the interaction 
between core components. 
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 SocialQ&A is implemented using the Model-View-Controller (MVC) 

architecture [51]. The MVC architecture is widely adopted by software 

developers and is one of the most common software engineering 

architectures. The primary motivation for using the MVC architecture is the 

separation of concerns as mentioned by Krasner et al. [51]. 

 

3.1.1 User Interest Analyzer 

The User Interest Analyzer utilizes data derived from the user‘s profile 

information and user interactions (questions asked and answers provided) in 

the social network to determine the interests of the user more accurately in 

terms of various pre-defined interest categories.  A total of 36 pre-defined 

interest categories, including sub-categories derived from the Yahoo! 

Answers Q&A system were used to implement SocialQ&A. Examples of the 

major categories include music, movies, television, and books.   

It is straightforward to derive a user‘s interests directly from the 

interest list in his/her profile.  Tracking user interactions in the system to 

derive user interests is accomplished by using the tags related to questions 

either asked or answered by the user.  In this way, SocialQ&A updates the 

user‘s interests regularly. The intuitive reason behind such a design is that if 

an end user asks a question, the question categories indicate that the end 

user is interested in those particular categories.  The dynamic interaction 

tracking implemented in SocialQ&A for interest derivation provides a more 



 

 

28 

accurate reflection of user interests than the static approach that depends 

solely on the user‘s profile information to represent user interests. 

The derived interests of each user are represented by a user-interest 

vector.  Figure 4 shows an example of a user-interest vector. The top line 

shows the pre-defined interest categories in the system and each column 

indicates an interest. In the figure, the value 0 indicates that user X does not 

have the corresponding interest, while the value 1 indicates that the user has 

the corresponding interest.  Thus, each user is associated with a user-

interest vector indicating his/her interests. 

 Rock Classic Action Thriller News Shows Story 

User X 1 0 1 0 0 0 1 

Figure 4. User-interest vector. 

 

3.1.2 Question Categorizer 

The primary task of the Question Categorization Component is to 

categorize a question into a pre-defined interest category based on the topic 

of the question.  The same pre-defined categories introduced above are used 

to categorize/tag the questions.  The Question Categorization Component 

takes into consideration the tags (which are the same as the pre-defined 

categories) provided by the end user to categorize the question.   

In addition to these tags, SocialQ&A uses WordNet to examine the text 

of the question and generate a stream of tokens by parsing the question 

string. These tokens are compared to the Synset that is created from the 
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predefined categories to determine the category or categories where the 

question belongs.  This process aims to categorize the question more 

accurately, taking into account that the user may omit some tags, tag 

inaccurately, or not tag the question at all. 

 

3.1.3 Question-User Mapper 

The Question-User Mapper performs the important task of utilizing the 

gathered information to identify the appropriate answer provider.  To map a 

question to an answer provider, two parameters are considered: (1) Interest 

of the potential answer provider in the question topic(s), and (2) The social 

connectedness between the potential answer provider and the end user.  

After creating a list of potential answer providers, the Question-User Mapper 

sorts them based on the probability of being able to answer the question and 

dispatches the list of top answer providers to the Notifier. The Notifier is 

responsible for notifying the potential answer providers in the list.  

 

3.2 Flow of events 

The user‘s interactions with the system can be performed on two 

fronts: the Q&A domain and the social platform.  The goal of the system is to 

make efficient use of user interactions on both of these fronts to improve the 

user experience and satisfaction in the Q&A system.   

Consider a hypothetical user of the system named Mike.  When Mike 

registers for SocialQ&A, he is required to provide essential information about 
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himself, such as his personal information, area of study/expertise, his current 

interests, and his involvement in other activities.  Users are also encouraged 

to describe their interests in terms of a few pre-defined categories shown in 

the screenshots of the registration views (Figure 5).  SocialQ&A uses the 

registration information to determine Mike‘s expertise/interest in particular 

topics. SocialQ&A then uses the interest information to determine how 

closely Mike‘s interests match the question topics.  If Mike‘s interests match 

the question topics, he is identified as a potential answer provider for the 

question.   

When a user logs in, he/she is prompted to add friends to build or 

expand his/her current social network.  The formation of a broad social 

network is an important aspect of SocialQ&A.  When a user adds a friend, in 

addition to constructing the social links, SocialQ&A also determines the 

similarity of interests among the friends.   

Interest similarity is taken into account when determining the list of 

answer providers to whom the question could be routed.  Interest similarity 

between two users is calculated using the Hamming distance between the 

interest vectors of those users. To calculate the Hamming distance, the 

interest vectors of the users are compared to each other one element at a 

time; when two elements at the corresponding positions are the same, the 

count for the Hamming distance is incremented. 
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Figure 5.  Registration example. 
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The rationale behind this approach is that when an answer provider 

knows the end user who posted the question and they have many interests in 

common, he/she is more motivated to answer the question than if they are 

strangers or have few common interests [62].   

Another feature provided by SocialQ&A is the option to forward 

questions.  In the earlier example, suppose Mike is notified of a question 

posted by one of his friends.  Mike himself is not capable of answering that 

particular question, but he has a friend in his social network who he believes 

would be able to provide an answer to the posted question.  In such a 

situation, Mike can personally forward the question to his friend. 

 Another significant chain of events is set in motion when an end user 

posts a question.  Figure 6 is a screenshot of the end user‘s view for asking 

questions.  The end user is allowed to tag a question based on his/her 

perception of the interest category of that question.  
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Figure 6.  User view for asking a question. 

 

 Based on the aforementioned characteristics including the social 

network of the end user, the tags provided by the end user, and the tags 

assigned by the Question Categorizer, Social Q&A determines potential 

answer providers and routes the question to those providers.  The social 

network of the end user is used to determine his/her friends and how closely 

their interests match with the end user.  The tags provided by the end user 

and those assigned by the Question Categorizer Component are used to 

determine whether the potential answer providers have interests matching 

the question category.  If no user is able to answer a question, then the end 

user who posted the question would never receive an answer for the 
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question.  This limitation exists in all Q&A systems. An example question and 

answer thread is shown in Figure 7. 

 

Figure 7.  An example of a question and answer thread. 

 

Unlike previous Q&A approaches, SocialQ&A exploits the users‘ profile 

information and interests, in addition to the end user‘s social network and 

Q&A activities to determine potential answer providers.  Additionally, the 

interest information of all users in the system is continuously updated based 

on their actions. SocialQ&A also differs from other Q&A approaches by 

routing questions only to potential answer providers, thereby reducing the 

number of notifications sent to users.  However, any user can still see and 

potentially answer all the questions asked by any end user of SocialQ&A.  
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3.3 Core algorithms 

 This section provides a detailed description of the three core 

algorithms that drive SocialQ&A: (1) User Interest Analyzer, (2) Question 

Categorizer and, (3) Question-User Mapper. These algorithms are used to 

analyze user information, sort questions, and determine potential answer 

providers, respectively.    

 

3.3.1 User Interest Analyzer 

 The main purpose of the User Interest Analyzer is to map users to 

their interests.  Figure 8 is a depiction of the process flow, and pseudocode is 

provided in Algorithm 1.  As the left side of the figure shows, whenever a 

user registers for a new account, a data entry is created for that account in 

the database.  The end user is then presented with the home page, so that 

he/she can continue his/her activity.  The User Interest Analyzer algorithm 

(the right part of the figure) is executed in a separate thread (Algorithm 1).   

 When a user registers, he/she is given the option of entering his/her 

interests and activities in text and to choose from pre-defined interest 

categories to add to his/her interest list, as shown in Figure 8.  These text 

fields are then parsed to generate token streams (Steps 1,2,3).  For every 

token in a given token stream, its matching interest category is located in 

the Synset (Step 4).   
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Figure 8.  Representation of the User Interest Analyzer algorithm. 

 

 Finally, an interest vector is generated for that user. Since the User 

Interest Analyzer algorithm requires significant computation time, it is 

encapsulated inside an asynchronous thread to ensure that it does not 

interfere with user actions. 
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Algorithm 1: Pseudocode for the User Interest Analyzer algorithm. 

Input: A user‟s profile 
Output: A user‟s interest vector 

  
Start: 

1. Parse the “interests” field in the user‟s profile to generate a 

stream of tokens Ti . 

2. Parse the “activities” field in the user‟s profile to generate a 

stream of tokens Ta. 

3. Use the inputs from the user‟s selection from the Music, 

Movies, Television and Books fields in the user‟s profile to 

generate streams of tokens Tmu, Tmo, Tt and Tb. 

4. For every token stream Tx,(Tx is Tmu, Tmo,Tt or Tb) 

a. Compare each token to the Synset of pre-defined 

categories. 

b. If a matching interest category of the token exists in 

the Synset, add that category to the user‟s interest 

vector „I‟. For example, if the category music is 

matched, I[music] = 1. 

5. Store Vector I in the database as the user‟s interest. 

End. 

  

 

 After the algorithm completes, the user is associated with a vector of 

interests.  Figure 9 shows an example of the User-interest matrix. The 

database consists of a 2-dimensional matrix of size m x n, where m 

corresponds to the number of users and n corresponds to the number of pre-

defined categories.  The numbers in the figure represent the weights of that 
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interest for each user.  The weight represents the degree of a user‘s interest 

in a category.  For example, if a user (user 5) has asked/answered a lot of 

questions regarding the rock category, then the number in the rock field will 

be higher. Weight calculation will be explained in detail in a later section.   

 

 Rock Classic Action Thriller News Shows Story 

User1 5 8 2 2 1 8 4 

User2 3 3 7 5 8 3 6 

User3 0 7 5 9 2 6 8 

User4 8 8 1 0 7 2 2 

User5 12 6 0 2 1 0 8 

User6 6 0 0 5 0 0 1 

User7 3 5 12 8 1 1 1 

Figure 9. User-interest matrix visualization. 

 

3.3.2 Question Categorizer 

 The Question Categorizer algorithm categorizes a given question in 

terms of predefined categories.  Analogous to the User Interest Analyzer, the 

Question Categorizer strives to associate a vector Ri to a given question Qi, 

where Ri is the vector of predefined categories corresponding to question Qi.  

The format of a question vector is the same as in Figure 4. Algorithm 2 

shows the pseudocode for categorizing a question. 
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 When an end user posts a question as shown in Figure 6, he/she can 

choose tags in the categories movies, music, books, and television for the 

question (Step 1).  The question is then parsed to generate a token stream 

(Step 2).  For every token in the token stream, its matching interest category 

is located in the Synset (Step 3).  Finally, an interest vector is generated for 

the question. 

 The questions posted by a user are used to dynamically update his/her 

interest vector and interest weights.  The interest weight in a user‘s interest 

vector represents his/her degree of interest and is used to more accurately 

reflect the user‘s interests.  The interest weights in the vector generated 

during registration (the categories indicated by the user) are initialized to 

one.  Later, each time a user asks a question, the question is parsed to a 

question vector using the method previously explained. As shown in step 4 of 

Algorithm 2, SocialQ&A checks whether each element in the question vector 

exists in the user‘s interest vector.  If yes, the weight of this element in the 

interest vector is incremented by one.  Otherwise, this element is added to 

the interest vector with an initial weight of one.  For example, if a user asks a 

question in the ―movies‖ category and his/her interest vector includes 

―movies‖, then the weight of the interest category ―movies‖ is incremented. 

If a question belongs to two or more categories, the weights of the multiple 

corresponding interest categories are incremented. Therefore, a user‘s 

interest vector always reflects his/her most recent interests.  The rationale 

for this method is that if an end user is asking a question belonging to a 
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certain category ‗x‘, then he/she has an interest in that category even though 

he/she did not indicate it while creating his/her profile.  This method can be 

extended by considering the questions answered by the user.  This weight 

adjustment serves to dynamically update each user‘s interest information. 

Thus, the system is gradually learning more and more about a user every 

time he/she performs a Q&A activity; this improves the question routing 

performance of the system.  Steps 4-6 in Algorithm 2 show the pseudocode 

for the dynamic interest adjustment.   

 The Question Categorizer algorithm associates each question Qi with a 

vector Ri, which results in a 2-dimensional matrix representation of size m x 

n, similar to the user-interest representation.  The only change is m 

corresponds to the number of questions.  Figure 10 depicts the process flow.  

After the Question Categorizer algorithm completes, it delegates control to 

the Question-User Mapper to determine a list of potential answer providers. 
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Algorithm 2: Pseudocode of the Question Categorizer algorithm. 

 

Input:  A question posted by a user 

Output: A question vector and an updated interest vector  

 

Start: 

1. Initialize the question vector „R‟ with the tags indicated by the 

end user. 

2. Parse the question to generate a stream of tokens Tq.   

3. For every token in the token stream Tq, 

a. Compare the token to Synset of pre-defined 

categories. 

b. If the entry of the token exists in Synset, add the 

mapping interest category to vector „R‟. For example, 

for category computer, R[computer] = 1 if it is zero. 

4. For each element in vector „R‟, check whether it exists in the 

end user interest vector I (with interest weight denoted IW),  

a. If yes, increment the weight associated with that 

entry. For example,  if Ii [thriller] == 1, IWi 

[thriller]++ ;  

b. If no, add the element to the interest vector. For 

example,  if Ii [thriller] == 0, Ii [thriller] == 1 ; 

5. Store the Vector R in the database along with the question. 

6. Pass control to Question-User Mapper to find potential answer 

providers. 

      End. 
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Figure 10.  Representation of the Question Categorizer algorithm. 

  

 

 

 



 

 

43 

3.3.3 Question-User Mapper 

 The Question-User Mapper algorithm is the central focus of this 

research.  The chief task of the Question-User Mapper algorithm is to 

consider both the interests of potential answer providers in the categories of 

the question and the social connectedness between the potential answer 

providers and the end user to generate a list of potential answer providers 

with the ability to provide a satisfactory answer.  Then, it sorts the list based 

on the ability to answer the question and forwards the question to the users 

on that list.  The question is forwarded to the top answer providers, i.e. those 

with the highest metrics in the list.  The flow of the algorithm is provided in 

Figure 11 and the pseudocode is provided in Algorithm 3.   

 While computing the list, SocialQ&A considers two factors in the 

process of selecting the optimal list of potential answer providers: 

1. The interest of a potential answer provider in the categories of the 

question (the user interest factor Fi). 

2. The social connectedness between the potential answer provider and 

the end user (the social connectedness factor Fc). 
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Figure 11.  Representation of the Question-User Mapper algorithm. 
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Algorithm 3: Pseudocode of the Question-User Mapping algorithm  

Input: Interest vectors of the end user and his/her friends and a 

question vector 

Output:  A list of potential answer provider 

 

Start: 

1. Let Rq be the vector of categories to which the question q 

belongs  

    For each friend (y) of the end user (x) do the following 

2. Let Iy be the interest vector of user „y‟. 

 //Calculate the user interest factor(steps 3-4) 

3. Compute the common interests between the vectors Rq and Iy 

and calculate Fi. 

4. Let Ix be the interest vector of user „x‟. 

 //Calculate the interest similarity between „x‟ and „y‟ (step 5) 

5. Compute the Hamming distance (Di) between Ix and Iy as IS.  

//Calculate the interactions between „x‟ and „y‟ (step 6) 

6. Let „n‟ be the number of previous interactions between user 

„x‟ and user „y‟ (PI). 

 //Calculate the number of common friends between „x‟ and 

„y‟ (step 7) 

7. Let Cf be the number of friends common to both user „x‟ and 

user „y‟ (CF). 

8. Calculate the final metric for the end user‟s friends using the 

equation:”        ” (           ). 

9. Order the friends by the final metric in descending order.  

10. Create a list containing the top „k‟ friends. 

11. Present this list to the notifier to notify the appropriate users. 

End. 
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 The user interest factor Fi of a potential answer provider to a question 

is calculated from the composition of four elements:  

1. The interest categories of the potential answer provider derived from 

the data provided by the user during registration (Ui); 

2. The interest categories mined from the questions asked by the 

potential answer provider (Uq); 

3. The interest categories associated with the questions asked by other 

users to whom the potential answer provider under consideration has 

provided an answer (Ua); 

4. The interest categories associated with the question calculated using 

question categorizer algorithm (Rq).  

 The first three elements are actually the elements used for 

determining the interest vector of a user. These four elements are combined 

using Equation 1 to find the common interest categories (Fi) between the 

potential answer provider and the question. 

 

Equation 1:              )       )       ))  

 

 The first element (Rq) in Equation 1 is a vector of categories of a 

question. The second element (Ui) in Equation 1 is an interest vector 

containing the interests of a user as shown in Figure 4. The vector initially 

consists of interests entered by the user during registration.  Subsequently, 

when the user asks a question or answers a question, the third (Uq) and 
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fourth (Ua) elements in Equation 1 are updated, and the interest categories 

of the question are added to the end user‘s interest vector. If the categories 

already exist, the weights of the corresponding entries in the vector are 

incremented.  Finally, the interests in the vector along with their weights, 

represent the user‘s interests. 

 For computing the social connectedness factor Fc between a potential 

answer provider and an end user, we consider the following: 

1. The similarity between the interest vectors of the potential answer 

provider and the end user (IS); 

2. The interactions between the potential answer provider and the end 

user, e.g., the number of questions asked by user ‗x‘ and answered by 

user ‗y‘ and the number of questions asked by user ‗y‘ and answered 

by user ‗x‘ (PI); 

3. The number of common friends between the potential answer provider 

and the end user (CF).   

 Using these metrics, the system determines a social connectedness 

factor Fc that increases with the similarity between interest vectors, number 

of interactions, and number of common friends between the potential answer 

provider and the end user, as shown in Equation 2.  

 

Equation 2:             
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 To calculate the interest similarity IS in Equation 2, we match the 

interest vectors of the two users.  Each matching entry in the two interest 

vectors increments the value of interest similarity by one.  To calculate the 

interaction element PI in Equation 2, we determine the number of questions 

asked by user ‗x‘ and answered by user ‗y,‘ and vice versa.  The third 

element CF in Equation 2 is simply the number of friends common to user ‗x‘ 

and user ‗y‘.  The sum of all three elements gives the social connectedness 

factor Fc. 

 The final list of potential answer providers is determined by 

considering both factors described above (user interest factor Fi and social 

connectedness factor Fc).  The user interest factor Fi represents the potential 

ability of a user to answer the question, and the social connectedness factor 

Fc represents the willingness of a user to answer the question. Equation 3 is 

used to calculate the final metric F, where Fi is multiplied by ‗  , and the 

social connectedness factor Fc is multiplied by     ‘. Parameter   denotes 

the consideration weight for each parameter, and it enables the system to 

set different priorities for Fi and Fc based on their influences on identifying 

appropriate potential answer providers.   

 

Equation 3:           )   

 

 Studying the influence of the two factors and deterministic calculation 

of ‗   is a non-trivial task, which would require repeated experiments of the 
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real-world system using different values of ‗  .  Thus, this task remains as 

future work.  Since Fi should have a higher influence than Fc intuitively, for 

the current implementation, we have set ‗   to 0.67. Thus, the contribution 

of the user interest factor is twice that of the social connectedness factor in 

the calculation of the final metric.  

 As soon as the algorithm completes, the top potential answer 

providers as determined by the algorithm receive a notification for the posted 

question.  Resembling the User Interest Analyzer and the Question 

Categorizer algorithms, the Question-User Mapping algorithm is also 

implemented as an asynchronous thread so that it does not interfere with 

other user actions.  Thus, all three algorithms work together with the user-

friendly front-end to make SocialQ&A an efficient and improved Q&A system. 

 

3.4 Summary 

 In summary, this chapter provides a detailed description of the 

important components of SocialQ&A and the interactions between them.  It 

also describes the algorithms developed as a part of this research.  The next 

chapter discusses the results that were obtained by analyzing the data from 

our prototyped real-world SocialQ&A system.  
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CHAPTER 4 

RESULTS AND ANALYSIS 

 

 This chapter presents the results and analysis based on the usage of 

SocialQ&A over a period of approximately one month beginning March, 2012.  

SocialQ&A was released to a limited group of individuals for experimental 

purposes.  Over the one-month period, a total of 124 people registered and 

used SocialQ&A.  163 questions were posted and 282 answers were posted in 

response.  For research purposes, these users were considered to be part of 

one social network. We requested the users to be online during certain time 

slots, at their convenience in order to have enough users online in the 

testing. The distribution of the 124 users in SocialQ&A is shown in Figure 12. 

Approximately 35 users were from the United States, 70 users were from 

India, and 1 user was from the United Kingdom. 

In this research we have made the following assumptions: 

1. Due to the limited number of registered users, we placed all users of 

the system in a single social network to better represent a relatively 

large individual social network of a user in practice (in typical social 

networks, users have hundreds of connections). Practically, it is very 

difficult to test the prototype system with millions of users to directly 

compare it with existing systems such as Yahoo! Answers. 
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2. We assume that the answer ratings in SocialQ&A increase as the 

number of users increases with the further assumption that the 

expertise in each question topic will also increase accordingly; thus, 

higher-quality answers can be given.  

3. We assume that the wait time decreases as the number of users in 

SocialQ&A increases with the further assumption that the number of 

users online at the same time also increases accordingly, effectively 

reducing the wait time.  

 

 

4. Figure 12. Users in SocialQ&A.  

 

4.1 User questioning and answering activity 

 We used the number of questions and answers posted to characterize 

user activity.  According to the data, out of 124 users, 75 unique users 
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posted at least one question, with the remaining users posting no questions.  

Moreover, out of 124 users, 81 unique users provided at least one answer, 

and the remaining users provided no answers.  Out of 124 users, 26 users 

(approximately 20%) did not post or answer any questions.  Consequently 

the remaining 80% were not passive and did contribute actively to SocialQ&A 

in some way.   

 Figure 13 is the graph for the number of questions asked by each user, 

ranging from 0 to a maximum of 10.  Figure 14 displays the percentage of 

users who asked a given number of questions.  As seen from the figures, 

approximately 56% of the users asked just one question, approximately 23% 

of the users asked two questions, approximately 10% of the users asked 3 

questions, and the remaining 11% asked more than 3 questions.  Thus, we 

can conclude that most of the users were fairly active, which implies that 

users are relatively active in the Q&A systems incorporated with a social 

network. 
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                   User ID 

 

Figure 13. The number of questions asked of each user. 
 

 
                          % of users 

 

Figure 14. The number of questions asked vs. % of users. 
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 Figure 15 shows the number of answers posted by each user, 

indicating the answering activity of the users.  On average, users posted two 

to three answers.  There are some users that were extremely active and 

posted five or more answers, and one of the users posted a total of 19 

answers.  Figure 16 shows the number of answers posted versus the 

percentage of users.  Approximately 25% of the users provided just a single 

response, approximately 15% of the users provided 2 answers, 15% of the 

users provided 3 answers, approximately 10% of the users provided 4 

answers, and approximately 40% of the users provided 4 or more answers.  

Therefore, comparing Figure 16 with Figure 14, we see that users in our 

study tend to answer questions more actively than they asked questions.  

The results show that the users are very willing to provide answers in 

SocialQ&A, which confirms that a social network can be leveraged to 

encourage users to answer questions. 
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User ID  

 
Figure 15. The number of answers posted by each user. 

 

                       
% of users  

 
Figure 16. The number of answers posted vs. % of users. 
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 As mentioned earlier, a total of 163 questions were asked and 282 

answers were posted in response.  A total of 24 out of 163 questions (around 

15%) remain unanswered, while all other questions had at least one 

response.  In comparison, Yahoo! Answers has more than 16% of questions 

unanswered, and Baidu Zhidao has 40% of questions unanswered [5].  Thus, 

at present, the percentage of unanswered questions in SocialQ&A is lower 

than those of Yahoo! Answers and Baidu Zhidao.  As SocialQ&A identifies 

potential answer providers who have more common interests, close social 

relationships with the questioner, and interest in a question‘s category, those 

answer providers are more likely to answer their received questions.  Thus, 

SocialQ&A is able to achieve an improvement even with a very limited 

number of users. Practically, we were not able to test SocialQ&A with millions 

of users. Hence, we do not claim that SocialQ&A is better than Yahoo! 

Answers or Baidu Zhidao. However, these results indicate a promising trend 

and that it is reasonable to assume that the system performance would 

increase as the number of users increases.  We expect that the number of 

unanswered questions tends to reduce with an increase in users because with 

more users, the range of expertise also becomes broader, and the probability 

of a larger number of people being online at the same time a question is 

posted increases.  Thus, SocialQ&A demonstrates its potential to improve on 

current Q&A systems.   
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Potential benefit of SocialQ&A: The questions in SocialQ&A are more 

likely to be answered since the potential answer providers have a close social 

relationship with the end user and have an interest in the question category.  

 

4.2 Analysis of the questions  

 In this Section, we analyze the questions asked in SocialQ&A.  The 

aspects analyzed are (1) Question paraphrasing, (2) Question categories, (3) 

Question types, and (4) The number of answers received per question. To 

determine the question types, categories and subcategories to which the 

question belongs, we manually examined every question.  

 As mentioned earlier, a total of 163 questions were posted.  After 

analyzing those questions, we found that the average number of characters 

per question is 45.5 (10.65 words).  The majority of questions (91%) are 

comprised of a single sentence.  Approximately 75% of the questions were 

properly paraphrased with a question mark, although some questions 

contained multiple question marks.  

 As mentioned earlier, SocialQ&A uses four major categories: music, 

books, movies, and television.  Figure 17 shows the distribution of questions 

among the four major categories. Approximately 38% of the questions were 

based on music, 29% were based on books, 41% were based on movies, and 

13% were based on television.  The percentages were calculated with respect 

to the total number of questions asked.  Also, a question can belong to more 

than one category and such a question appears under all of its categories 
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rather than just one.  For example, in a total of 6 questions, 3 questions 

belong to category x, 1 question belongs to category y, and the remaining 2 

questions belong to both category x and category y, then we say that 

approximately 83% (5 out of 6) of questions belong to category x and 

approximately 50% (3 out of 6) questions belong to category y.  The 4 

categories described earlier are further divided into a total of 32 

subcategories.   Figure 18 shows the distribution of questions among the 

various subcategories. These results indicate the interests of the current 

users in SocialQ&A.  

 

Figure 17. Distribution of questions among the major categories. 
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Books
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Television
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 Figure 18. Distribution of questions among various subcategories. 

 

 The questions were further classified based on question types:   

1) Recommendation: Questions like ―Please recommend some places for 

food in Clemson.‖ 

2) Opinion: Questions like ―What is a better programming language, PHP 

or Python?‖ 

3) Factual: Questions like ―How do I make my playlist private on 

YouTube?‖ 

4) Rhetorical: Questions like ―What is the aim of life?‖ 

Distribution of questions among various subcategories 
Music:Classic
Music:Electronic
Music:Blues
Music:Country
Music:Hiphop
Music:Jazz
Music:Rock
Music:Metal
Books:Novel
Books:Poem
Books:Drama
Books:Story
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Books:Biography
Books:Academic
Movies:Action
Movies:Comedy
Movies:Crime
Movies:Drama
Movies:Adventure
Movies:Epics
Movies:Horror
Movies:Musical
Movies:War
Movies:Animation
Television:News
Television:Shows
Television:Art
Television:Documentary
Television:Entertainment
Television:Talk
Television:Advertise
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Figure 19 shows the distribution of questions based on their types.  As 

seen from the figure, the users asked a large number of opinion-type 

questions.  Approximately 20% of the questions were recommendation-type 

questions, 36% were opinion-type questions, 25% were factual-type 

questions, and 19% were rhetorical-type questions. 

 

 

 

Figure 19. Distribution of questions based on their types. 

 

 Figure 20 shows the number of answers posted per question for 

questions with at least one response. Figure 21 shows the number of 

responses for questions that received at least one response. From Figure 21, 

it can be seen that approximately 47% of questions have just one response, 
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and approximately 13% of questions have more than 4 responses.  One 

observation is that most of the questions receiving only one response are 

factual questions, since one answer is sufficed for such questions.  However, 

if the question asks one‘s opinion, it tends to have more responses, as no 

answer is the final answer.  For example a question like, ―Should I buy a 

Windows laptop or MacBook?‖, would have more responses than a question 

like ‖What is the capital of Oregon?‖. 

Potential benefit of SocialQ&A: SocialQ&A provides a platform for both 

factual and non-factual questioning, and the opinions from social friends 

could be a better reference for the questioner for non-factual questions. 

 

 
               Question ID 

 
Figure 20. The number of answers received by each question. 
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% of questions  
 

Figure 21. The number of answers received vs. % of questions. 
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answer on a scale of 1 to 10.  The responses were stored and the following 

statistics were obtained.  Out of 282 answers posted, the users of SocialQ&A 

rated 233 answers; the remaining answers remained unrated.  To study the 

quality of answers in further detail, we calculated the average rating and the 
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 A single question may have multiple answers; hence, we calculated 

the average rating for each question and present the results in Figure 22.  

The results obtained from the current prototype system are promising.  The 
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average rating of all answers is 8.675, ignoring those that were not rated.  

The median is 9.29, the minimum is 1, and the maximum is 10. 

 The correlation between the question length and the question rating 

was also analyzed because intuitively, long questions tend to be easier to 

understand.  Moreover, long questions help the answer provider determine 

what the end user is looking for, enabling him/her to provide a more 

accurate answer.  Any question that was explained using more than one 

sentence is considered a long question, while the remaining questions are 

considered short questions. Our results show that longer questions have an 

average rating of 9.33, which is higher than the overall average rating.  

 Another way to examine the response quality is to find the maximum 

rating that an answer received for a particular question.  The analysis of the 

maximum rating is meaningful because if a question received four answers, 

the highest rated answer provides the end user with the desired information 

and the other answers could be neglected.  Considering this reasoning, 

Figure 23 plots the rating of the maximum rated answer of each question.  

The average maximum rating over all questions was found to be 9.05, the 

median was 10, the minimum was 1, and the maximum was 10.   
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 Question ID 
 

Figure 22. The average rating of each question. 

 

Question ID 
 

Figure 23.  The maximum rating of each question. 
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 In Yahoo! Answers, the average user rating for rated questions is 

around 8.44.  As shown above, SocialQ&A has an average rating of 8.675, 

which means it performs better in terms of answer quality.  Furthermore, 

considering the average of the highest rated answers, the average rating 

rises to 9.05, which is even better.  It might be unfair to compare these 

results directly with Yahoo! Answers, since Yahoo! Answers contains 

hundreds of millions of users and SocialQ&A is a small system consisting of 

124 users. However, the current performance of SocialQ&A is encouraging, 

indicating that SocialQ&A may become a better Q&A medium in the future.  

 The rise in ratings can be attributed to two factors: (1) since the 

answer provider belongs to the end user‘s immediate social network, he/she 

is highly motivated to provide better quality answers and (2) the question is 

mapped to the potential answer provider whose interests most closely 

matches the topics of the question. The result of this analysis verifies the 

effectiveness of our proposed algorithms: (1) User Interest Analyzer, (2) 

Question Categorizer, and (3) Question-User Mapper. The User Interest 

Analyzer algorithm can more accurately reflect the user‘s interests and where 

their posed questions belong. The Question Categorizer can more accurately 

derive the interest categories of questions. By mapping a question‘s interest 

categories to a users‘ interests, SocialQ&A can more accurately identify 

potential answer providers that can provide high-quality answers. In the 

prototype study, SocialQ&A had a very limited user set. We expect that the 

answer quality would be further improved as more users join SocialQ&A, 
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because there would be more people online at a given time and the 

probability that an expert exists among users also increases. 

The answer quality was further analyzed based on the type of 

question.  It was found that: 

1. The avg. rating per factual question is 9.14 

2. The avg. rating per opinion-type question is 8.67 

3. The avg. rating per suggestion-type question is 8.18 

4. The avg. rating per rhetorical-type question is 8.95 

Thus, the observations indicate that factual questions have a higher average 

rating per question, most likely because such questions can only have one 

correct answer.  The answer quality for rhetorical questions is determined 

solely by the end user‘s perception.  Also, it can be seen that the opinion-

type questions have a higher average rating than the suggestion-type 

questions. This is because when asking an opinion-type question, the end 

user typically asks for a choice between 2-4 items that he/she has 

shortlisted, whereas suggestion-type questions typically have a wider range 

of options.    

 

4.4 Wait time for answers 

Wait time is the time period between asking a question and receiving a 

response. Figure 24 plots the wait time for an end user to receive a response 

to his/her question.  We see that a large percentage of questions (around 
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50%) are answered within 8 minutes, which is a very short amount of time.  

In Yahoo! Answers, less than 50% of questions receive answers within 15 

minutes.  As mentioned in earlier, SocialQ&A is not directly comparable to 

Yahoo! Answers because of the large difference in the amount of users. 

However, the results obtained from SocialQ&A are promising and show signs 

of future improvement on current Q&A systems.  We also see that 15% of 

the questions in SocialQ&A are answered after a time period of one day for 

two reasons. First, due to the limited number of users in the system, 

sometimes the answer providers to whom the question was forwarded were 

not active, leaving that question unanswered until those users log in again. 

Second, because the number of users in the system was very small and very 

few users were online at a given time, some questions were left unanswered 

for longer periods of time. 

 Conversely, about 84% of the queries were answered within a day, 

which is a very good result for a system consisting of only 124 users.  The 

results of the analysis again verify the effectiveness of our three proposed 

algorithms. By considering the social connectedness between the potential 

answer provider and the end user, SocialQ&A can more accurately identify 

potential answer providers that are willing to answer the questions within a 

short time. This result again suggests the promise of the SocialQ&A system, 

considering that the response time in a Q&A system is assumed to decrease 

with an increase in the number of users because the probability of a larger 

number of people being online at the time when a question is posted 
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increases with the total number of users in the system.  Moreover, the 

probability of users having expertise on a certain topic also increases with 

the total number of users in the system. 

 

 
                   Wait time 

 

Figure 24. Percentage of resolved questions with different wait times. 

 

 The response time of answers was also analyzed based on the type of 

question.  It was found that: 

1. Most of the factual questions (around 80%) were answered within an 

average of 16.1mins 

2. Most of the opinion-type questions (around 70%) were answered 

within an average of 59.87mins 
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3. Most of the suggestion-type questions (around 70%) were answered 

within an average of 71.62mins 

4. Most of the rhetorical-type questions (around 70%) were answered 

within an average of 123.83mins 

From these results, we conclude that the reason for late responses regarding 

the rhetorical questions is the nature of the question; conversely, factual 

questions get responses sooner because the answers are well established.  

Also, as mentioned in the previous section, the end user generally narrows 

down the choices for opinion-type questions; hence, they are answered 

faster than the closely related suggestion-type questions.   

Potential benefit of SocialQ&A: SocialQ&A reduces the wait time of 

answers because as the questions are mapped to the end user‟s close friends 

who have an interest in the topics of the questions, they tend to respond 

quickly to the question due to the close social relationship and their 

expertise. 

 

4.5 Limitations and enhancement of SocialQ&A 

 We outline the limitations of SocialQ&A and  possible improvements as 

follows. 

1. The prototype test of SocialQ&A had a limited number of users in the 

system.  Since the number of users in SocialQ&A is very small, a direct 

comparison between SocialQ&A and Yahoo! Answers or Baidu Zhidao 
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(which contain hundreds of milllions of users) might not be fair.  

However, the results obtained from SocialQ&A are encouraging and 

show that SocialQ&A could become a promising Q&A system in the 

future. 

2. SocialQ&A has a limited number of interest categories in the system.  

For testing purposes, the number of major categories in the system 

was limited to 4 and a total of 36 categories were present in the 

system.  In our future work, we will study the results with more 

categories. 

3. SocialQ&A currently has a single social network rather than multiple 

individual social networks. However, the single social network does not 

affect the results because SocialQ&A only focuses on how to leverage 

an individual social network for better Q&A services to the users within 

the network. A full system with multiple individual social networks 

would further enhance the system performance because users from 

different social networks can share their historical answers stored on 

the server. We will implement multiple individual social networks in 

SocialQ&A to confirm this expectation. 

4. In the current SocialQ&A system, users cannot subscribe to a 

particular category to receive all questions in that category.  An 

additional feature of subscribing to a particular category could be 

added to further enhance the performance of SocialQ&A. 
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5. The current prototype of SocialQ&A does not have demographics on 

the users. Therefore, if all of the current users are from the same 

demographic, say students, this is not representative of real-world 

systems. In our future work, we will include demographic information 

to the prototype to further refine our study.   

 

4.6 Summary 

 This chapter has provided the results and analysis of SocialQ&A.  We 

have analyzed various aspects of the Q&A system, such as user activity, the 

number of questions and answers, quality of answers, and wait time before 

receiving a response to a particular question.  The following chapter provides 

conclusions drawn from the analysis and offers some future research 

directions. 
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CHAPTER 5 

CONCLUSION AND FUTURE WORK 

 This chapter summarizes and concludes the analysis of SocialQ&A, and 

provides some additional features that were identified, which could make 

SocialQ&A a more efficient system but have not yet been implemented.  

Additionally, it offers some future research directions.  

 

5.1 Conclusion 

 Q&A systems are used by a large group of people for purposes such as 

information retrieval, academic assistance, and discussion.  The growing 

importance of Q&A systems has led to numerous research developments that 

are directed toward making Q&A systems more effective.  The motivation for 

this research is to increase the quality of answers received and decrease the 

wait time for answers by forwarding the questions to appropriate answer 

providers. Toward this goal, we have developed a social network based Q&A 

system, called SocialQ&A. It utilizes the strengths of a social network to 

forward the question to potential answer providers, ensuring that a given 

question receives a high-quality answer and that a given question is 

answered within a short period of time. Specifically, the contributions of this 

research can be summarized as follows: 
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1. We have developed the Q&A system, called SocialQ&A, which consists 

of three components: (1) User Interest Analyzer, (2) Question 

Categorizer, and (3) Question-User Mapper. These three components 

are new methods that enable SocialQ&A to consider user interests and 

user social connectedness to identify potential answer providers in 

order to improve the quality of answers and reduce the wait time for 

answers. 

2. We have implemented a real-world prototype SocialQ&A system, and 

collected Q&A activity during one month from 124 real users in the 

system. 

3. We have analyzed performance data obtained from the real-world 

prototype SocialQ&A system.  Analytical results show the potential for 

SocialQ&A to improve on the performance of current Q&A systems. 

 SocialQ&A is different from previous Q&A systems in that it leverages 

social networks and exploits both user interests and social relationships to 

more accurately identify potential answer providers. Also, SocialQ&A 

removes the burden from answer providers by delivering the questions they 

might be interested in directly to them, as opposed to requiring answer 

providers to search through a large collection of questions to find those that 

he/she would be able to answer satisfactorily.  SocialQ&A incorporates three 

novel algorithms for accurate potential answer provider identification. This 

research provides a promising approach to notifying the correct users in the 

Q&A system.   
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 Major observations from data analysis on our small-scale prototype 

SocialQ&A system can be summarized as follows:  

1. SocialQ&A is effective at routing questions to appropriate users by 

exploiting social connections and common interests; thus, it has the 

potential to improve the quality of answers.  These three components 

are new methods that enable SocialQ&A to consider user interests and 

user social connectedness to identify potential answer providers in 

order to improve the quality of answers and reduce the wait time for 

answers. 

2. SocialQ&A improves the quality and reduces the wait time of answers 

because as the questions are mapped to the end user‘s close friends, 

who have the interest in the topics of the questions, they tend to 

response quickly to the question due to the close social relationship 

and their expertise. A significant percentage of the questions were 

answered within a short amount of time (8 minutes).     

3. SocialQ&A provides a platform for both factual and non-factual 

questioning, and the opinions from social connections may be a better 

reference for the questioner. 

 Given the amount of time the system was tested and the number of 

users in the system, SocialQ&A performs very well and shows a substantial 

improvement over existing systems. We expect that the quality of answers 

and the wait time in Q&A systems tend to improve with an increase in the 
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number of users.  Thus, we are optimistic that SocialQ&A has the potential to 

become a promising Q&A system in the future. 

 

5.2 Future work 

 The algorithms implemented as a part of SocialQ&A make it a 

promising powerful and effective Q&A system.  However, this thesis identifies 

some improvements that could be incorporated to make the system more 

usable and resourceful.  This section also provides some direction for future 

research on Q&A systems.   

 One improvement that would be useful is the integration of SocialQ&A 

with the existing social networks like Facebook8, Twitter9, Linkedin10, etc.  

Horowitz et al. [2] integrated this functionality into their system Aardvark.  

Such integration will empower users to utilize their existing social networks.  

This integration would also make tracking user interests more accurate, since 

it would be possible to crawl the users‘ statuses and posts on the social 

networks to dynamically update their interests.  This feature will also attract 

more users. When an end user asks a question, the profile data of that end 

user‘s friends can be used to send question notifications to his/her friends if 

appropriate. Along with the question, an invitation to join the SocialQ&A 

platform could be sent.  This integration would be a significant next step for 

this research.   

                                                 
8 http://www.facebook.com 
9 http://www.twitter.com 
10 http://www.linkedin.com 
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 Another idea that would be potentially advantageous is making the 

server-side distributed; this would allow the current system to be scalable 

and would increase the speed of computing the various parameters required 

to predict the pool of optimal potential answer providers.  The Hadoop 

distributed file system presented in Shafer et al. [23] could be used to for 

this purpose.  Hadoop has been adopted widely for the purpose of distributed 

data processing. 

 Furthermore, future research could make the system decentralized in 

such a way that a central server is not required and the users in the system 

form a peer-to-peer (P2P) structure.  Decentralized search is an important 

research topic that would be well suited to social search, as well as searches 

in P2P networks as stated in Kleinberg [33] and Kleinberg and Raghavan 

[34].  Since most of the transactions are likely to occur among friends, the 

P2P networks can be modeled to exploit that feature.  Condie et al. [36] 

present peer-level protocols that are adaptive and self-organizing.  Likewise, 

Banerjee and Basu [35] have presented a social query search model that 

would be pertinent to this research. The intention would be to integrate 

SocialQ&A into a P2P system, conduct experiments with the system, and 

analyze the system performance as well as improve the availability of the 

system as a whole.   

 In the P2P-based SocialQ&A, if the questions and answers are stored 

on a client machine and if that particular client machine is unavailable, the 

question and answers stored on that client machine would be unavailable.  
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Research could be conducted to formulate an algorithm to eliminate this 

problem, possibly using the concept of data replication.  However, the 

algorithm should be efficient enough to ensure that the data is available at all 

times with a minimum amount replication.   
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