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Abstract 

Collaborative questioning and answering (CQA) sites such as Stack Overflow are the 

placement in which community members can ask and answer questions as well as interact 

with questions and answers. A question may receive multiple answers, and only one may 

be selected as the best answer, which means that this answer is more suitable for the given 

question. For the purpose of effective information retrieval, it will be beneficial to 

automatically predict and select the best answer.  

This thesis carried out and presented a study to evaluate content quality in CQA site by 

using logistic regression and features extracted from questions, answers and users’ 

information. By reviewing previous researches, all features which can be used to evaluate 

and predict the quality of content in the research case were identified. Stack Overflow 

was chosen as the research case and a sample of questions and answers has been extracted 

for further analysis. The human rated question score was done with the assistance of three 

people working in the field of information technology. Various features from questions, 

answers, and owners’ information were modelled and trained into classifiers to choose 

the best answer or high quality question. 

The results indicate that the models built in this research for evaluating answer quality 

have high predictive ability and strong robustness. While the models for evaluating 

question quality have low predictive ability in this study. In addition, it is demonstrated 

that several features from questions, answers, and owners’ information can be valuable 

component in evaluating and predicting content quality, such as owner’s reputation 

points, and questions’ or answer score, but human rated question score has no significant 

influence on evaluating answer quality. This research has contributions to science and 

implications for practice. For example, one main contribution is that based on the models 

built in this study, CQA sites can automatically suggest to their users the best answers, 

which is a time-saving solution for users looking for help from CQA sites. 

 

Keywords 

Content quality, logistic regression, collaborative questioning and answering, Stack 

Overflow 
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Abbreviations 

AUC Area under the Curve  

CQA Collaborative Questioning and Answering 

QA Questioning and Answering 

NLP Natural Language Processing 
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ROC Receiver Operating Characteristic 

TREC Text Retrieval Conference  

HITS Hyperlink-Induced Topic Search 

SQL Structured Query Language 

SVM Support Vector Machine 

XML eXtensible Markup Language 
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1 Introduction  

Recent years increasing attention has been paid to collaborative question and answering 

(CQA). The arrival of Web 2.0 technologies provided the possibility that collaborative 

knowledge and problem solving could be realized with large-scale human participation 

(Ortega, Convertino, Zancanaro, & Piccardi, 2014). Ortega et al. (2014) and Kuk (2006) 

pointed out that traditional knowledge sharing platforms like mailing list were not 

endeared, but web communities that are more interactive and dynamic such as forums, 

blogs and wikis are becoming popular.  

From the medium 2000s, “user-generated content” as a new concept (or social media) 

deeply rooted since CQA sites in which community users can interact with content on all 

kinds of topics have emerged (Shao, 2009; Agichtein, Castillo, Donato, Gionis, & Mishne, 

2008). According to the research by Shah, S. Oh, and J. Oh, (2009), in general, 

Questioning and answering (QA) site is built by three basic services: a mechanism for a 

user to post the content in natural language, a place where other users can interact with 

the content, and a community built based on these services. CQA sites were built on the 

principle that everyone knows something (Adamic, Zhang, Bakshy, & Ackerman, 2008). 

CQA can be considered as the method of choice for offering crowd-sourced support by 

online communities, because they are low cost and have been proved to be business-like 

(Piccardi, Convertino, Zancanaro, Wang, & Archambeau, 2014). In real life, CQA site is 

an information exchange platform where users can response content posted by other users, 

and obtain more detailed information at the same time. With the rapid increase of 

popularity of CQA, more and more CQA sites entered the spotlight, such as Stack 

Exchange platform, Zhihu, Quora, and Yahoo! Answers.  

Academic research about CQA is growing, and most of them studied the field of answer 

quality (e.g., Chen, & Nayak, 2012; Blooma, Chua, & Goh, 2011). Content quality has 

been a popular research topic in recent years in the fields of machine learning, information 

processing, and crowd-sourcing (e.g. Fichman, 2011; Bian, Liu, Agichtein, & Zha, 2008; 

Harper, Raban, Rafaeli, & Konstan, 2008).  

Apart from the popularity of content quality research among academic communities, it 

would also be beneficial for the management of CQA sites to have quality assessment 

(Shah, & Pomerantz, 2010). Due to the large-scale of questions, answers and users on 

CQA sites, it is critical to establish criteria or metrics for automatically evaluating the 

content quality. Many sites have applied reputation systems, which can show users’ 

participation or authoritativeness; vote systems are another effective mechanism, which 

allows users to support or oppose questions and answers via voting.  

Despite the existing implementation of these two mechanisms above in CQA sites, the 

reputation systems and voting mechanisms are not strong enough to evaluate content 

quality, because there are many features other than user reputation and votes that can 

influence content quality. For instance, the distribution of quality has high variance: CQA 

sites have items from very high-quality to low-quality, and sometimes they have abusive 

contents (Agichtein et al., 2008). This makes the tasks of filtering and ranking in such 
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systems more complex than in other traditional domains such as mailing list. One of the 

aims of this current study is to explore and find out what are the features that could be 

extracted to effectively evaluate and predict content quality, including question quality 

and answer quality. 

From the perspective of long-lasting value, an existing question answered with high 

quality answers can be able to provide assistance in the future, thus, the potential long-

lasting value needs to be considered as a mission in CQA sites (Anderson, Huttenlocher, 

Kleinberg, & Leskovec, 2012). Aiming to save information seekers’ time cost and to 

improve the quality of CQA site services, the attention should be focused on content 

quality, because the information seeking behaviour among CQA sites is dominating over 

traditional web search in some areas, for example, some markets (Agichtein et al., 2008; 

Chen, & Nayak, 2012; Sang-Hun, 2007). 

But some researchers believe that it is difficult to reach common agreement about content 

quality, since everyone’s needs are different (Dervin, 1998). Hence, it is imperative to 

explore and design a model, which is objective enough and can apply to meet different 

needs; and to achieve this goal, the first steps would be identifying the factors that have 

effect on content quality.  

Chua and Banerjee (2013) pointed out that most CQA researches (e.g., Chen, & Nayak, 

2012; John, Chua, & Goh, 2011; Shah, 2011) preferred Yahoo! Answers, to which a 

possible explanation is that Yahoo! Answers is one of the largest and most popular CQAs, 

and the data collection would be easier than other CQA sites since collocating dataset 

from CQA is difficult (Shah, et al., 2009). This choice of research domain reveals a gap 

in researches of this field, because the researches on Yahoo! Answers may not apply to 

other CQA sites (Chua & Banerjee, 2013).  

The structure of this thesis is organized as follows. Chapter 2 defines research question 

and methodology, and some basic information of the research site Stack Overflow will 

be described. Chapter 3 reviews the related work that has been undertaken. In addition, 

specific problem of answer quality prediction is discussed. Subsequently, the reputation 

system of Stack Overflow is analysed in Chapter 4. Chapter 5 presents dataset collection 

as well as the experimental results. Discussion and conclusions are presented in the last 

two chapters.  
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2 Research Questions and Methodology 

The prime goal of this study is to presents an automatic model to measure and evaluate 

the content quality, in other words, quality of questions and answers in CQA sites. There 

are various CQA sites alive on the internet nowadays, and most studies focus on Yahoo! 

Answer; therefore, to bridge this gap, Stack Overflow was selected as the research case.  

2.1 Research questions 

In order to identify high content quality in CQA sites, the main goal is investigated: 

How to design a model to evaluate the content quality of CQA sites. 

It should be noted that content quality in RQ1 refers to question quality and answer quality. 

Specifically, to serve the main goal above, three research questions can be formulated: 

RQ1: How the content quality of Stack Overflow can be defined? 

RQ2: What are the factors that can be used to evaluate content quality? 

RQ3: What are the relationships between the factors and content quality? 

The answer of RQ1 is the basis of this study, all of the research activities are based on the 

definition of content quality. And the answer of RQ2 is provided by previous literature. 

The last research question’s answer is provided by experiments. 

2.2 Research methodology 

The goal of this research requires model to measure and evaluate the quality of content in 

CQA sites. The building of an Information Technology artifact for a specific task and 

evaluating the performance can be considered as a design research by (Hevner, & 

Chatterjee, 2010).  

This thesis generally pursues the multimethodological approach (see Figure 1) which was 

presented by Nunamaker, and Chen (1990). The design research approach can be divided 

into four steps: Theory Building, Experimentation Design, Observation and Systems 

Development. 
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Figure 1. A multimethodological approach to IS research. (Nunamaker, Chen, & Purdin, 1990) 

In general, theory building consists of new research ideas, concept design, models and 

frameworks. The outcome of theory building may be used to guide hypotheses, design 

methods or plan experiment, and the limitation of relevant research areas can be 

discovered again as well (Nunamaker et al., 1990). In this study, literature review (chapter 

3) is part of the theory building since literature review uncovers the works that have done 

and issues which need to be solved. 

Systems development is the hub that interacts with other three steps as shown in Figure 1. 

According to Nunamaker et al. (1990), system development incorporate: (1) construct a 

conceptual framework, (2) develop system architecture, (3) analyze and design the 

system, (4) build the system, (5) observe and evaluate the system. With the consideration 

of the research problem, the author uses the systems development as the main component. 

This study will extract various features depending on QA and build different models 

based on modeling method to evaluate content quality. 

Experimentation stands on results from laboratory, field experiments and computer 

simulation, and is the connection of theory building and the observation strategy 

(Nunamaker et al., 1990). In other words, it is based on theories and validated by 

observation, this study adopts experimentation to evaluate the framework. In this study, 

different models will be developed and tested due to the tasks such as finding features 

which can be used to evaluate content quality.  
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Observation includes case studies, field studies and sample surveys normally, it is 

highlighted that observation strategy is applied to gain more knowledge when there is 

little knowledge (Nunamaker et al., 1990). Practically, regarding the goal of drawing 

conclusions, context about research should be introduced clearly. Therefore, the author 

of the current study provide important background information of research sites, and the 

data sources.  

Nunmaker et al. (1990) presents a process for systems development research. Table 1 

shows how this current study adopts the process. Each stage in the left column is 

explained by research issues in the right column. This study does not take all research 

issues into consideration, since this is the specific research topic, these research issues 

have been adapted in a general way. 

Table 1. Research process adopted from the process for systems development research. 

(Nunamaker et al., 1990)  

Systems Development 

Research Process 

Research Activities 

Construct a conceptual 

framework 

 Analyze the previous literatures and learn knowledge of 

evaluating content quality 

 Study knowledge of evaluating content quality via 

literature review as groundwork 

 Gather the factors for conceptual framework based upon 

the literature review 

Analyze  Design & 

Build the System 

 Extract dataset from research case and format dataset 

 Draw different models design diagram that integrates 

chosen factors 

 Analyze the impact of factors on content quality 

Observe & Evaluate 

the System 

 Observe the experiment and gather results for 

comparing, for example comparing the accuracy of 

answer quality models 

 Implement models to different dataset 

 Compare the results  

 
To answer the research questions above, literature review is indispensable and essential 

in this study. By reviewing previous literature, factors can be identified, then used to 

evaluate content quality. Relationships of each factors with content quality can be 

presented clearly. In particular, question quality and answer quality will be analyzed via 

series of experiments. The final goal is to develop a model to evaluate content quality. 

2.3 Research case 

Stack Overflow, one of the biggest programming QA sites in the world, is selected as the 

research CQA case of this thesis. In recent years, Stack Overflow has gained increasing 

attention, not only developers who communicate with it, but also academic researchers 

are focusing on it.  
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Launched at the year of 2008 by Jeff Atwood and Joel Spolsky (Atwood, 2008), Stack 

Overflow is a programming information exchange platform for people all over the world 

via English. Currently, the number of questions on Stack Overflow is over 10 million 

excluding closed ones, which from the point of statistics makes a sound sample to be 

studied in this research.  

Stack Overflow allows registered users track the questions posted by themselves or other 

users, then it can support the possibility that registered users can response posted 

questions. The home page of Stack Overflow was captured after user’s login as shown in 

Figure 2.  

 

Figure 2.The home page of Stack Overflow. 

Votes, answers, tags, and views are essential features and functions in the user-content 

interaction of Stack Overflow. Figure 3 shows a question with a best answer.

 

Figure 3. A question with a best answer. 
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As shown in Figure 3, users can input content for the posted question, other people could 

also rate either the questions or the answers with positive or negative vote. The owner of 

the posted question can then add comments or choose candidate from answers as the best 

answer in time. For a specific question, the user who posted the question can describe the 

question in two different ways: textual description and code snippets. Any registered user 

can mark a question as a favorite via clicking the star, which refers to bookmark for future 

usage.  

A trace of all the activities on the Stack Overflow website was obtained; this version of 

trace consists of all data between initiation day on July 31, 2008 and April 12, 2015 (Stack 

Exchange Data Explorer, 2015). Table 2 presents basic statistics of Stack Overflow. 

Table 2.  Statistics of whole Stack Overflow dataset. 

Users 

accounts 

4.2 Million (1.1 Million answerers and 1.7 Million askers, 

respectively) 

Questions 9.2 Million (56.76% received best answer, 11.31% no-response 

questions) 

Answers 15 Million (33.93% accepted as best answer) 

Votes 61 Million (89.84% Positive votes, average 2.2 upvotes per post, 

average 0.25 downvotes per post.) 

Comments  37 Million (57.25% on answers, 42.75% on questions) 

Reputation Average reputation points (excluding users who have 1 reputation): 

317 

Average reputation points (containing users who have 1 reputation): 

125 

 

It should be noted that questions can be merged and closed by other user due to spamming 

or duplication issues, and calculating the ratio of no-response excludes closed questions.  
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3 Literature Review 

The goal of literature review is to seek previous studies so that knowledge related to the 

research questions could be recognized and utilized. Meanwhile, the results from all 

literature studies also offer a theoretical basis for the following chapters. Chapter 3.1 

introduce several relevant studies, further various methods about researching content 

quality are presented, for instance Non-content method and Content method are the most 

general methods (Chen, & Nayak, 2012; Shah et al. 2009). Then, the chapter 3.2 intends 

to identify the gaps in the previous researches.  

3.1 Two Types of CQA-Analyzing Methods 

Despite of the short history of CQA sites, many studies of CQA have already been 

explored (Shah et al. 2009) in this field. Content quality has been a popular research topic 

in recent years in the fields of machine learning, information processing, and crowd-

sourcing (e.g. Fichman, 2011; Bian, Liu, Agichtein, & Zha, 2008; Harper, Raban, Rafaeli, 

& Konstan, 2008). Most related studies belong to two major categories: content methods 

and non-content methods.  

3.1.1 Content methods 

Generally, content methods mainly focus on the activity which is evaluating the quality 

of content, as well as introducing related methods and criteria for enhancing that activity 

(Shah et al., 2008). They also pointed out that content methods use data related to 

questions, answers, user profiles and subject categories to evaluate content quality. 

According to the study (Chen, & Nayak, 2012), computational linguistics methods for 

evaluating the content quality are from the fields of natural language processing (NLP) 

and information retrieval (IR), since content quality are crucial to IR. In the investigation 

of Agichtein et al. (2008), textual features have been conducted: punctuation and typos, 

syntactic and semantic complexity, and grammaticality, which can be utilized as factors 

to finding good quality content in real cases, because no one expects to read text that 

makes no sense. The factors described text quality such as phrase frequencies, 

grammatical error, accuracy and comprehensiveness have been implemented to 

measuring answer quality (e.g: Rudner, & Liang, 2002; Attali, & Burstein, 2006; 

Agichtein et al., 2008). Harper et al. (2008) pointed out a set of criteria based on 

correctness, confidence, helpfulness, progress towards receiving an answer, monetary 

compensation, degree of personalization, and answerers' efforts in their study. In 

summary, those methods can classify the difficulty of text (Agichtein et al., 2008). 

Typically, when answerers want to response the answers, they are more inclined to answer 

the questions of high quality: high quality question usually reply with good answer while 

low value question always receive low quality answers (Li, Jin, Lyu, King, & Mak, 2012; 

Agichtein et al., 2008). The positive interaction between question quality and answer 

quality can be the factor of measuring content quality. A similar approach was conducted 
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by Zhu, Bernhard and Gurevych (2009), they reported a multi-dimensional model for 

assessing the quality of answers in CQA sites in the context of eLearning. More than 13 

dimensions have been introduced, including informativeness, politeness, completeness, 

readability, relevance, conciseness or brevity, truthfulness, level of detail, and so on. They 

found that the dimensions discovered are advisable to assess the overall quality. In 

addition, an insight has been contributed to the study of CQA platforms by investigating 

the editing behaviour of users, a number of editing actions have been taken into account. 

3.1.2 Non-content methods 

Non-content methods refer to method that pay more attention on diverse research topics, 

instead of content methods. The investigation (Shah et al., 2009) have named this kind of 

research method as user-centered approach, despite that it is far away from content 

methods but has close relationship with social media. Firstly, researches conducted by 

non-content methods focus on human behaviors since it is reasonable to argue that social 

network is a part of CQA site. Taking the investigation of knowledge sharing behaviors 

on open source software communities for example, experienced netizens from mailing 

list have being migrating to StackExchange, the underlying reasons of this changing 

phenomena are various, such as information seeking behavior and motivations for sharing 

knowledge (Vasilescu, Serebrenik, Devanbu, & Filkov, 2014). Another study by Wang, 

Gill, Mohanlal, Zheng, and Zhao (2013) have analyzed the phenomenon how the behavior 

of super users influence the answer quality by comparing Quora and Stack Overflow (e.g 

if there is a super user who have more than 200,000 followers, once this super user 

answered a question, the answered question will be shown on 200,000 followers’ 

timeline). Furthermore, the issue how Quora has being avoiding spammy content has been 

addressed via the analysis of Quora’s internal mechanisms.  

Some scholar researches have selected users as research topics. As known that a number 

of active users, usually called experts, are the significantly contributors who create a large 

number of high quality content on CQA sites. As a result, an interesting topic is shown, 

which is how to distinguish experts from one another (e.g: Pal, Chang, & Konstan, 2012; 

Jurczyk, & Agichtein, 2007). A similar research has been conducted by Kao, Liu, & Wang, 

(2010), they have developed a hybrid approach to find experts for certain category, and 

the approach was the effectiveness of the combination of user subject relevance, user 

reputation and authority of a category. 

As mentioned earlier, the question quality has positive influence on answer quality to 

some degree (Li et al., 2012; Agichtein et al., 2008). Therefore, some academic attention 

has been paid on question routing (e.g. Fang, Huang, & Zhu, 2012). In this case, two 

aspects have been solved: 1. identifying and quantifying user authority on certain themes 

or categories; 2 routing questions to users who are expert. Once routing questions to the 

right experts, consequently the answer quality can be ensured, because experts are the 

part of core of CQA sites.  

In recent years, there is an increasing scholarly attention on the term “reputation”. In fact, 

many CQA sites have applied reputation systems, such as Yahoo! Answer and Stack 
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Overflow. Indeed, reputation system can help askers to make decision quickly, and it can 

intuitively display more useful information. Especially for the new comer in certain field, 

reputation system can provide some basic assistance. Reputation can be a quantified 

variable that allows researchers access users’ contribution in the form of quantitative data. 

Because of various advantages and benefits, a number of studies have introduced this 

concept (e.g., Chen, & Nayak, 2012; Agichtein et al., 2008; Chen, Zeng, Wenyin, & Hao, 

2007). Chen et al. (2007) have proposed a model which took user rating approach of 

traditional online trade systems and social network into account. The results have 

convinced that reputation system is very effective in practice.   

The study by Chua and Banerjee (2013) introduced a novel approach that answer speed 

can be a factor to measure the quality of answer. Yet, few studies focused on answer 

speed. The study reported that the median response time for a question receiving the first 

answer is about 12 minutes on Stack Overflow (Mamykina, Manoim, Mittal, Hripcsak, 

& Hartmann, 2011; Bosu et al., 2013). Anderson et.al (2012) also have revealed some 

conclusions about the direct relationship between answer speed and answer quality: the 

higher the reputation, the faster the user is to interaction with a question; and if a question 

takes longer time to receive answer, the less likely arrived satisfactory answers for the 

question.   

Link-based algorithms are in general working well in the field of hyperlinks for ranking 

web search results as well as social media (e.g. Kleinberg, 1999; Borodin, Roberts, 

Rosenthal, & Tsaparas, 2005; Page, Brin, Motwani, & Winograd, 1999; Agichtein et al., 

2008). Meanwhile CQA sites born with social media, so that it is possible to apply Link-

based methods to analyse topics in CQA. Taking Hyperlink-Induced Topic Search (HITS) 

algorithm for example, this algorithm have developed to evaluate the quality of web pages 

through two evaluation weights: content authority (authorities) and link authority (hub). 

Due to the social media network in CQA sites, methods such as these have be widely 

implemented to find authority users, the researches (e.g.: Jurczyk, & Agichtein, 2007; 

Agichtein et al., 2008) have adopted HITS algorithm to find experts on CQA, and the 

research’s (Jurczyk, & Agichtein, 2007) result shows that the algorithm achieve high than 

60% accuracy in predicting the authority of answerers for the top 30 users of the system. 

However, Chen and Nayak (2012) reported that it is not a suitable way to use HITS to 

assessment CQA due to the efficiency problem if CQA sites are less structurally balanced.  

3.2 Challenges existing in previous researches 

Methods mentioned above have been verified in different tasks. However, there are some 

problematic issues lied in the previous studies. It is important to consider other optional 

approach for content especially answer quality in the researching field. 

Based on text retrieval conference (TREC), the classification scheme identifies five types 

of questions in question-answering research: factoid, list, definition, complex interactive, 

and target. These five categories questions are classified depending on their complexity. 

Currently QA systems are working excellent in identifying the answers to a factoid and/or 

definition type of question (Chen, & Nayak, 2012; Han, Song, & Rim, 2006). Thus, that 
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is conceivable reason why most QA systems are built based on NLP and IR. One 

consequence of using QA systems is that it cannot deal with other types but only simple 

questions such as factoid or definition type of questions.  

Some investigations managed experiments using an ideal dataset in spite of results proved 

to be significant (Chen, & Nayak, 2012; Zhu et al., 2009); it is unpractical and prejudiced 

because questions are complex with multiple sentences (Jeon, Croft, Lee, & Park, 2006). 

For instance, the study by Jeon et al. (2006) only offered “good” or “bad” options to judge 

the quality of answer. However, questions and answers in Stack Overflow are 

multifarious. Therefore an investment to deal with the complex content is needed.  

But, Shah, and Pomerantz (2010) have extracted several features from questions and 

answers in their dataset, such as length of question’s subject, length of question’s content, 

length of the answer’s content, and inclusion of references with answer. Their studies 

shows that the method of extracting features from content has power of evaluating content 

quality, which echoes with the study of Zhu et al. (2009), which  explained the potential 

interpretation, see Figure 4. 

 

Figure 4. Classic Architecture for Quality Assessment in NLP. (Zhu et al., 2009) 

As shown in Figure 4, the core of NLP techniques is machine learning algorithm. The 

features on the right side are considered as input. Then, NLP techniques apply machine 

learning method such as Logistic Regression and Support vector machine (SVM) to train 

and classify dataset. In fact, NLP techniques consider quality assessment as a 

classification process.  

Then, as mentioned above, Chua and Banerjee (2013) stated that most scholarly kept 

attention on Yahoo! Answer, however, universal applicability of findings may reduce 

because narrow data sets to a single CQA site, as a consequence, the requirements of users 

of CQA sites for high quality information are still not satisfied (Chua & Banerjee, 2013; 

Fichman, 2011).  Therefore, more researches with other CQA sites are necessary in order 

to increasing adaptability of generalizability of findings. In fact, data collection can be 

identified as a major challenge for conducting studies in CQA sites (Shah, et al., 2009). 

In some cases, application programming interfaces are the common method to collect 

data, whereas not all data can be accessed through it. Additionally, crawling sites’ web 

pages would be a good option. But there is a drawback: crawling activities sometime are 

blocked or banned for some reason, for example, sometimes CQA sites’ servers detected 

those activities as hacking.  
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4 Analyzing Content Quality and User Reputation 

Systems in Stack Overflow 

Content on Stack Overflow are words, or semantics. Tasks of this thesis require an overall 

model to identify the features of content and owner’s information, and with support from 

those features it is possible to detect high quality content from many of disorderly 

information. The fact is that evaluation of content quality is core at the effective CQA 

systems (Agichtein et al., 2008; Bian et al., 2008). It has been mentioned in previous 

studies that user reputation correlate with answer and question quality to some degree. In 

this section, assumptions and analysis of reputation of Stack Overflow will be introduced. 

With the cooperation of assumptions and features, it is possible to put forward models to 

identify high quality content on Stack Overflow. For convenience of conceptualizing and 

quantizing data of Stack Overflow, it is needed to describe entries of the research case (as 

shown in section 4.1). Chapter 4.4 points out what are the high content quality in this 

research due to the tasks of this study. 

4.1 Entries of Stack Overflow 

Three most crucial types of objects existing on Stack Overflow, are users U, answers A, 

and questions Q, respectively. Recall that users’ activities on CQA are posting questions 

and composing answers, users can be divided into two parts: askers Uq and answerers Ua. 

A user can be either question asker or answer-writer. It is easy to realize that the entries 

above have interaction between each other’s. For example, the reputation of the user 

depends on the quality of the questions or answers they post, which in return, can be 

influenced by the user reputation. Consequently, the most typical object that can represent 

authority is reputation point on Stack Overflow. The possible reason is that, users’ 

activities can be valued and counted as points, and reputation point is the final assessment 

of a user’s activities. Hence, it is crucial to understand the tight connections and 

relationships between the three entities (Users, Questions, and Answers), 

4.2 Reputation system on Stack Overflow 

According to the introduction of Stack Overflow (Stack Overflow, n.d.), the activities 

how to gain or lose reputation are given. As shown in Table 3 activities of gaining 

reputation points include the following: questions being accepted, questions and answers 

being upvoted, and earning bounty from questions. Principles involved in this reputation 

system are to encourage people to participate in interactions, then high quality content 

may be produced. The bounty function denotes that a user can place a bounty on their 

question, by using incentive, more answers may arrive. If a user has 200 or more 

reputation points on at least one site of Stack Exchange platform, the user can receive a 

100 bonus as starting reputation points. User who has less than 50 reputation points cannot 

comment on either questions or answers. Fifteen reputation points is the minimum if a 

user want to upvote and user needs more than 125 for the ability to downvote. Downvote 
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is an action that will damage the interests of both parties. For instance, if user A 

downvotes an answer authored by user B, then user B loses 2 points and A loses 1. 

Table 3. Activities of gaining reputation points on Stack Overflow. 

Activity Income Reputation  

question is voted up +5 

answer is voted up +10 

answer is marked accepted +15 (+2 to acceptor) 

suggested edit is accepted +2 (up to +1000 total per user) 

bounty awarded to your answer + bounty amount 

site association bonus +100 on each site 

question / answer is voted down:  -2 

vote down an answer -1 

place a bounty on a question - bounty amount 

receives 6 spam or offensive flags -100 

  

 

Figure 5. Users’ reputation distribution of whole site. 

Furthermore, reputation points’ distribution of whole site was graphed, as shown in 

Figure 5. The users’ reputation distribution show that there are few users have more than 
2000 points, it was found that only around 0.5% users touched that. On the contrary, the 

group “Less10” in here contains the user who has less than 10 reputation points, and this 
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group accounted for up to 53% of the proportion. By doing future data mining, it is 

surprising that more than 85% of the participants from group “Less 10” only received 1 

point, which means most of them did not have any following interactivity: commenting, 

voting, asking questions or answering.  As detailed on the Stack Exchange blog (Stack 

Overflow, n.d.), each user account will receive 1 point after registration. 

It seems reasonable that users with only 1 reputation point are “fake/artificial followers”, 

however the research proved this statement to be subjective. There is an interesting 

phenomenon. It is not satisfied the huge number of “1 point” group, hence the current 

study checked the element “LastAccessDate”,  the result of which indicated that it was 

not a good idea to judge “1 point” user account belong to inactivate group, because some 

of those accounts (about 22%) have recent activity which is log-in during last month. By 

checking the askers’ reputation, it is found that about 5.6% questions were composed by 

users who have 1 point. A possible explanation is that some users want to seek help from 

Stack Overflow, but they do not like comment or are able to post answers. The research 

by D. Movshovitz-Attias, Y. Movshovitz-Attias, Steenkiste, and Faloutsos (2013) pointed 

out similar conclusion: CQA sites provided long-lasting value content which can be 

archived and organized around specific queries that can later be accessed via methods 

such as web search.      

The phenomenon above can be inspected from another aspect. Typically, gaining a high 

reputation points requires a contributor to quickly provide high-quality answers (Bosu et 

al., 2013), thus domain knowledge is important. Some question answering sites provide 

various types of interaction: knowledge sharing, general discussion, everyday advice and 

experience support (Adamic et al., 2008), for instance Yahoo! Answer, Quora, and Zhihu. 

Questions existed on those sites have some similar features; questions on Quora and 

Zhihu are generally born to subjectivity: each answer for question can be reasonable or 

useful in some cases. In contrast, questions from Stack Overflow are meant to be objective 

and answers for questions are driven by fact and truth. Most subjective questions are 

filtered or closed by Stack Overflow community, in addition, Stack Overflow designed 

some mechanisms to keep away from spamming or biased questions, for example 

reputation system and self-regulation (Anderson et al., 2012): duplicate questions are fast 

merged with existing questions; other users can edit questions and answers; and unrelated 

or unhelpful posts (comments on answers or questions, answers, and questions) are 

removed. Normally Stack Overflow questions are hard for novice users, which may 

indicate that experienced people have higher possibility to offer sufficient answers (Li et 

al., 2012). Therefore deep domain knowledge is the general foundation to creating good 

answers and gaining more reputation. As a result of those strict self-regulation and 

mechanisms, content of Stack Overflow is trustful and valuable to information seekers, 

meanwhile, few users can achieve more than 2000 reputation points. 

The reputation system on Stack Overflow is the quality assurance, because every users’ 

activities responding on content quality can be embodied by reputation points. The most 

effective and reliable feature that can disclose the users’ authority is reputation on Stack 

Overflow. Thus, it is important to analyze reputation system. And to evaluate content 

quality, users’ reputation points is a crucial component. 
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4.3 Extracting QA features 

There are three different categories of features exploring activities to a given question or 

answer in the current study’s dataset. Since some previous studies have already inspected 

similar researches (e.g. Anderson et al., 2012; Correa & Sureka, 2014; Bian et al., 2008; 

Shah & Pomerantz, 2010), the current study can advantage those prior works in the 

construction of feature set. All features are conducted in following categories, based on 

these three entries: question feature zone; answers feature zone and user feature zone. 

Questions feature zone are based on the metadata of the question, and including score 

points of question, length of question’s title, length of the question’s content, number of 

answers received for a question, number of comments for the question, number of views, 

number of favorites, and number of tags that question owned.  

Answers feature zone are extracted by similar way above. It consists of score points of 

question, content length of answer, number of comments, and boolean value determined 

by the judgments, which are “content contains code” and “content has been edited”. An 

additional boolean value refer to if answer has been accepted. 

Users feature zone is depended on user’s activity. Users in here can be interpreted into 

two aspects: askers and answerers. It is made up of the following features: user’s 

reputation points, number of view of user’s homepage, number of user’s upvotes and 

downvotes received from other users, and points of user’s profile summary which is 

combination of “Location”, “WebsiteUrl”, and “AboutMe” from Stack Overflow’s 

database. The summary of user’s profile is judged by user's Profile completion. For 

instance, if a user has only filled element “Location”, the point of user’s profile summary 

is one. If a user has filled any two of them, the point of user’s profile summary is two. 

Table 4 and Table 5 outline different feature set for evaluating question and answer 

quality respectively. For example, evaluating question quality will be completed via 

combining questions feature zone and askers feature zone; evaluating question quality 

will be finalized through combining questions feature zone, askers feature zone, answers 

feature zone and answerers feature zone. 
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Table 4. Summary of question feature set for evaluating question quality. 

Set Feature name Explanations   Measuring 

method 

code 

 

 

 

 

 

question 

feature set for 

evaluating 

question 

quality  

q_score how many points did the question 

gain   

• 

q_title_length length of question’s title •• 

q_body_length length of the question’s body •• 

q_num_answer number of answers received for a 

given question 

• 

q_num_commen

t 

number of comments for a 

question 

• 

 q_num_views how many people have read the 

question  

• 

 q_num_favorite how many users have marked the 

question as favorite 

• 

q_num_tag how many tags did the question 

receive 

•• 

q_owner_reputat

ion 

reputation points of the question’s 

owner 

• 

q_owner_views number of homepage views of the 

question’s owner 

• 

q_owner_upvote

s 

number  of upvotes the question’s 

owner 

• 

q_owner_downv

otes 

number  of downvotes the 

question’s owner 

• 

q_owner_profile

_summary 

combination value of “Location”, 

“WebsiteUrl”, and “AboutMe” 

from question’s owner  

••• 

•: the value of a given feature can be identified from Stack Overflow’s database 

••: the value of a given feature is measured by counting the number of words or 

counting how many tags 

•••: the vaule of a given feature is measured by counting how many elements is not 

empty 
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Table 5. Summary of answer feature set for evaluating answer quality. 

Set Feature name Explanations   Measuring 

method code 

 

 

 

 

 

 

 

 

 

 

answer 

feature set 

for 

evaluating 

answer 

quality 

 

 

 

 

 

 

 

 

 

 

 

a_score how many points did the answer 

gain 

• 

a_body_length length of the answer’s content •• 

a_body_has_code does the answer contain code or 

not 

•••• 

a_has_edited has the answer been edited or not •••• 

a_num_comment number of comments the 

question receive 

• 

a_owner_reputati

on 

reputation points of the answer’s 

owner 

• 

a_owner_profile_

summary 

combination value of “Location”, 

“WebsiteUrl”, and “AboutMe” 

from answer’s owner 

••• 

a_owner_views number of homepage views of 

the answer’s owner 

• 

a_owner_upvotes number  of upvotes the answer’s 

owner 

• 

a_owner_downvo

tes 

number  of downvotes the 

answer’s owner 

• 

q_score how many points did the answer 

gain 

• 

 q_num_views how many people have read the 

question  

• 

q_body_length length of the question’s body • 

q_has_edited has the question been edited or 

not 

•••• 

q_title_length length of question’s title •• 

q_num_tags how many tags did the question 

receive 

•• 

q_num_answers number of answers received for a 

given question 

• 
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answer 

feature set 

for 

evaluating 

answer 

quality 

q_num_comment number of comments for a 

question 

• 

q_num_favorite how many users have marked the 

question as favorite 

• 

q_owner_reputati

on 

reputation points of the 

question’s owner 

• 

q_owner_profile_

summary 

combination value of “Location”, 

“WebsiteUrl”, and “AboutMe” 

from question’s owner 

• 

q_owner_views number of homepage views of 

the question’s owner 

• 

q_owner_upvotes number  of upvotes the question’s 

owner 

• 

q_owner_downvo

tes 

number  of downvotes the 

question’s owner 

• 

q_score_human score points from human rating 

which will be describe in chapter 

5.1 

 

•: the value of a given feature can be identified from Stack Overflow’s database 

••: the value of a given feature is measured by counting the number of words or 

counting how many tags 

•••: the vaule of a given feature is measured by counting how many elements is not 

empty 

••••:the boolean value of a given feature is calculated by its own condition 

4.4 Evaluating content quality  

It should be noted that everyone can make her or his own subjective judgments on the 

quality of content, depending on various measurements (Shah, & Pomerantz, 2010). 

Question and answer quality are huge research concepts in real life, there are various 

possibilities scope of the research answer quality, ranging from machine learning, social 

networking, crowd-source, and data retrieval to algorithm analysis (e.g. Fichman, 2011; 

Bian et al., 2008; Harper et al., 2008). And a wide of criterions will be applied in diverse 

cases, those criterions include for example accuracy, completeness, validity, and 

verifiability. Meanwhile, focusing on how to measuring content quality in general 

direction may be very vague. Therefore, interpretation of quality is present since the goal 

is evaluating content quality and finding factors that can affect content quality. 
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The function “best answer” is very popular among those international CQA sites, such as 

Yahoo Answer, and Stack Overflow. Meanwhile, a set of researches have accepted this 

notion as indicator of quality of answer. Hence, the current study also follow this notion; 

if an answer has been accepted as best answer, this answer will be considered as a high 

quality answer. In other words, if a given answer can be predicted to be selected as the 

best, then research questions can be solved. In the study of Shah and Pomerantz’s (2010) 

opinion, the content quality is classification problem.  With those regards, this study will 

analyze the research case, then introduce several criteria extracted from literatures.  
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5 Modeling Content Quality with Logistic Regression 

Method 

In this chapter, content quality refers to two parts: question quality and answer quality. 

Firstly, chapter 5.1 is description of dataset collection, and chapter 5.2 provides the 

introduction of modeling method in this research. Then, evaluating question quality is the 

first experiment which can be considered as pilot study to assess the quality of the 

features, because only few studies related to question quality have been implemented (e.g: 

Li et al., 2012; Correa, & Sureka, 2013; Correa, & Sureka, 2014). By modeling question 

quality, it is possible to answer the question: what are the factors that can be used to 

evaluate content quality. To model question quality, the way of how to identify subjective 

criteria to assess question quality is needed, and how to implement the human rate results 

to measure content quality. Then this current study focuses on modeling answer quality.  

5.1 Dataset collection  

Stack Overflow exchange publishes anonymized dumps of all user-contributed content 

on their QA sites in every three month. Data of each site are formatted as a separate 

archive consisting of eXtensible Markup Language (XML) files, and can be downloaded 

either directly from the official website (Stack Exchange Data Dump, n.d.) or utilizing 

torrent tools. Another optional ways is using the online Stack Exchange Data Explorer 

(Stack Exchange Data Explorer, n.d.). The data of Stack Exchange Data Explorer is 

updated every one week. The dataset in the current study was queried from Stack 

Exchange Data explorer.  

The Structured Query Language (SQL) was used to query the data needed. Some 

temporary tables and files were built for handling variables. More specifically, some 

features selected via SQL directly are belongs to HyperText Markup Language, such as 

title length and body length of posts, both R and Python programming language are 

applied to collect statistics for each aspect. 

Firstly, whole questions on the Stack Exchange Data Explorer were filtered by following 

conditions; first is that question have more than four answers, and second one is the 

questions are not closed question. Then, two hundred questions were randomly selected. 

Note that a few users who posted questions and answers in the dataset were deleted by 

Stack Overflow, therefore, questions and answers which meet this condition were 

dropped. Thus, the final dataset consisted of 197 questions and 1052 answers. Except the 

number of questions, the dataset was covering wide-ranging of depth of subject 

knowledge, including Python, C#, Android, and so on, as shown all major programming 

language problems were involved. 
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5.2 Modeling method 

In chapter 4, two feature sets were identified and presented in Table 4 and Table 5. To 

model content quality and test which features are significant and strong enough to support 

this research, Logistic Regression was selected as the modeling method, which is a 

regression model for analyzing dataset in which an outcome is determined by one or more 

independent variables (Hosmer Jr, & Lemeshow, 2004). 

For modeling question quality, human rating score of questions was used to be the 

dependent variable, and features from question feature set were implemented as 

independent variables. When modeling answer quality, whether an answer has been 

accepted as the best answer would the dependent variable, features from answer feature 

set were applied as independent variables.  

5.3 Modeling question quality 

The first experiment of modeling question quality is described as pilot experiment. Note 

that everyone may have a common perception of what can impact on quality of questions, 

but in the particular case of Stack Overflow, there can be some other not listed factors 

can reveal quality of question (Shah, & Pomerantz, 2010). 

5.3.1 Obtaining question quality by human assessment 

A previous research has used and proved strongly that human ratings could be accurate 

to predict asker satisfaction (Liu, Bian, & Agichtein, 2008). Therefore, it is stated that if 

quality assessment was guided by quality criteria, the evaluation result can be trusted. To 

apply Logistic Regression, the human evaluation result will be considered as dependable 

variable. More details will be given in following paragraphs. 

Inspired by the quality criteria proposed by Zhu et al. (2009), quality criteria for this 

current study was identified. Table 6 listed the criteria and metrics. Each criterion was 

rated on a scale from one to five. 
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Table 6. Quality criteria and metrics for human rating. (Zhu et al, 2009) 

Criteria Explanations Metrics 

Informativity 

 

The question provides enough 

information 

1. providing facts/  

2. no short phrase answers 

3. providing explanations 

4.illustrated by code snippets 

Readability 

 

The question is not hard to read 

and understand 

1. good grammar 

2. no abbreviations 

3. no miss spelling 

4. good logic for read 

Relevance to 

tags 

 

The question is relevant with 

tags 

1. the question relate with tags 

2. question relate with the 

descriptions of question 

Concise 

 

The question has brief 

description 

1. issue not wordy, avoid  

wordiness 

Long-lasting 

value 

 

The question can provide long 

lasting value 

1. useful and helpful  

2. long-lasting value to novice 

 
Three people working in the field of information technology joined to act as evaluators 

to help complete the human question quality prediction of all the 197 questions sampled. 

Each person spent around 80 seconds on average to read a question and give the rating 

result depending on 5 different criteria. Before rating, three evaluators need to familiarize 

themselves with criteria. For each criterion, evaluators can give points to a question 

depending on their understanding of metrics of criteria. For instance, evaluator A spend 

some time (e.g.: 75 seconds) on reading a question, then evaluator A give question B four 

points for criterion “Informativity”, while evaluator give question B two points for this 

criterion due to different understanding of metrics of criteria. 

In order to convert the rating result to a binary object (‘0’ for bad question, ‘1’ for good 

question), two equations were identified respectively: 

1

n

i

i

C

AE
n




       (1) 
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where AE represents the average result of a evaluator to a question; Ci denotes a 

evaluator’s rating value based on one criterion; n states the number of criteria.  

1

n

i

i

AE

FS
n




      (2) 

where FS refers to the final average score to a question; n denotes number of evaluator.  

For a question, it is assumed that three or higher FS refers to ‘1’ (good question). 

Conversely, a score of one or two equals to ‘0’ (bad question). Hence, it is possible to 

obtain binary results.  

5.3.2 Modeling with Logistic Regression for question quality 

The model was constructed based on the feature set reported on Table 4 and Logistic 

Regression, as shown in Table 7. It should be noted that binary results gained above were 

used as dependent variable. The model’s coefficients, p-value, Multiple R2 and adjusted 

R2 were reported, at the same time, significance level was indicated with ‘*’ (p < 0.05). 

In order to reflect the properties of factors and improve the accuracy of the model, the 

factor “q_owner_profile_summary” was assigned as the dummy variable, because value 

of this factor range from zero to three.  
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Table 7. Result report of question model with 13 question feature set. 

Coefficients Estimate Std.Error T Value p-value Signif. 

Codes 

q_score -0.003444226 0.001662955 -2.071147414 0.039763759  * 

q_title_length 0.001512297 0.001178231 1.28353154 0.200946734  

q_content_length 4.14E-05 2.52E-05 1.646637731 0.101367675  

q_num_views 3.18E-06 2.37E-06 1.339721678 0.18201547  

q_num_answers -0.023688424 0.009278706 -2.552987992 0.011505451 * 

q_num_favorite 0.006363779 0.003120495 2.039349042 0.042868981 * 

q_num_tags 0.017982641 0.017326145 1.037890474 0.300705588  

q_num_comment -0.008253665 0.009150956 -0.901945583 0.368284427  

q_owner_reputatio

n 

-6.31E-07 5.35E-06 -0.118099925 0.906119441  

q_owner_views 2.61E-08 2.02E-08 1.295984459 0.196630974  

q_owner_upvotes 1.69E-05 3.97E-05 0.426982301 0.669899682  

q_owner_downvot

es 

1.35E-05 2.02E-05 0.66724984 0.505462337  

q_owner_profile_s

ummary1 

-0.083743033 0.052602518 -1.591996677 0.113130383  

q_owner_profile_s

ummary2 

-0.0950701 0.065721164 -1.44656748 0.149747617  

q_owner_profile_s

ummary3 

-0.006303323 0.062151092 -0.10141934 0.919329846  

Signif. Codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1; Multiple R2:  0.1086, Adjusted 

R2:  0.03469 
 
As shown in Table 7, more than half factors do not have significantly impact on 

explaining the variability of the data. The adjusted R2 is reported to be 0.03469, which is 

one of the measurement for showing how well the model fits with dataset. In other words, 

only about 3% of the variability could be explained by the model in this dataset. The 

goodness of the model was quite low. However, it is obvious that features ‘q_score’, 

‘q_num_answers’, and ‘q_num_favorite’ have significant contribution on the power of 

predicting the good questions, since those above independent variables have low  p-value 

(less than 0.05). Taking question’s score (q_score) for instance, good question would 

receive more attention from users on Stack Overflow (Li et al., 2012; Agichtein et al., 
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2008), which means, more upvotes and answers for questions would be gained, and 

number of favorite will raise up as well.  

Further data analysis was done: by throwing factors with high p-value (more than 0.05), 

it is found that the adjusted R2 value of new model was lower at 0.01974, comparing with 

the adjusted R2 value of the initial regression model. This result pointed out that the new, 

simplified model has no explanatory ability of predicting question quality.  

As reported above, the goodness of fit of model was low indicated by the low R2, a 

possible reason is that there may be other aspects or factors need to consider. And another 

reason was given by Shah and Pomerantz (2010), they stated that due to the similar 

understanding about the quality of an answer, evaluators’ collective assessment was not 

enough to predict the decision. Hence, it is an objective argument that it is extraordinarily 

complicated to find features to predict question quality. However, it is identified that there 

were three features which were helping predict question quality, features such as 

question’s score (q_score), number of answers question received, and number of favorites 

question received, do support prediction.  

5.4 Modeling answer quality  

In this part, several experiments were constructed with various features, similar to the 

first experiment reported earlier. In particular, the boolean values of answers have been 

accepted or not were considered as dependent variable to model answer quality. As 

reported in chapter 4.4, if an answer is marked by the asker as the best answer, then the 

answer is the best for the given question and the answers’ accepted score is “1” 

(a_accpeted equals “1”), otherwise answers’ accepted score is “0” (a_accpeted equals 

“1”).  Moreover, human rated question score (q_score_human) was introduced as an extra 

independent variable in the initial full model.  

5.4.1 Initial full model versus simplified model 

The report of modeling answer quality with feature set reported on Table 5 was 

constructed through method similar with earlier one. The details of model are presented 

in Table 8.  
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Table 8. Result report of initial full answer model with answer feature set (a_full) 

Coefficients Estimate Std. Error t value Pr(>|t|) Signif. 

codes 

a_score 0.000711125 0.000256711 2.770138598 0.005704788 ** 

a_body_length 4.66E-05 1.51E-05 3.097057526 0.002007825 ** 

a_body_has_code 0.009949694 0.02359195 0.421741044 0.673302735  

a_has_edited 0.059464931 0.024617852 2.415520735 0.015887312 * 

a_num_comment 0.04283347 0.005789586 7.398365147 2.87E-13 *** 

a_owner_reputation 5.16E-07 2.28E-07 2.268991205 0.023476656 * 

a_owner_profile_summary1 -0.011566059 0.033629852 -0.343922402 0.730975389  

a_owner_profile_summary2 0.056123971 0.031716188 1.769568634 0.077097183 . 

a_owner_profile_summary3 0.054458334 0.028513444 1.909917802 0.056423504 . 

a_owner_views -1.17E-06 3.82E-07 -3.053899101 0.00231737 ** 

a_owner_upvotes 3.66E-06 6.17E-06 0.593753731 0.552808229  

a_owner_downvotes 5.56E-06 7.46E-06 0.746198808 0.455718931  

q_score -0.001401001 0.000688154 -2.035882566 0.042019636 * 

q_view_count 8.31E-07 9.79E-07 0.849077876 0.396036798  

q_body_length -5.42E-06 1.24E-05 -0.437573115 0.661788217  

q_has_edited 0.007598096 0.023816703 0.319023824 0.749773638  

q_title_length 0.000313994 0.000643867 0.487669335 0.625888669  

q_num_tags -0.003245816 0.009402576 -0.345205009 0.730011287  

q_num_answers -0.008225691 0.003782695 -2.174558028 0.029892047 * 

q_num_comment -0.011407224 0.005172389 -2.205406948 0.027647571 * 

q_num_favorite 0.002190419 0.001092909 2.004209672 0.045311092 * 

q_owner_reputation 1.64E-06 3.11E-06 0.525977155 0.599018191  

q_owner_profile_summary1 -0.003980658 0.028110673 -0.141606633 0.887418635  

q_owner_profile_summary2 0.007420268 0.034429855 0.215518423 0.829406152  

q_owner_profile_summary3 0.00318121 0.033434591 0.095147254 0.924216517  

q_owner_views 4.62E-06 2.15E-05 0.214797069 0.82996839  

q_owner_upvotes -8.56E-06 8.39E-06 -1.019538986 0.308188436  

q_owner_downvotes -9.35E-05 0.000192333 -0.485930458 0.627120639  

q_score_human -0.001042943 0.038689824 -0.026956517 0.978499679  



32 

 

 

The statistical significance adjust R2 of this model was 0.1358 and Multiple R2 was 

0.1596, it is believed that more than 13.5% of the variability in this dataset could be 

explained. Furthermore, this full model revealed that 11 features have significant 

contribution on predicting whether an answers would be accepted as the best answer. 

Those features for evaluating answer quality included ‘a_score’ (answer’s score), 

‘a_body_length’ (length of answer content), ‘a_has_edited’ (have the answer been 

edited), ‘a_num_comment’ (number of comment received for the answer), 

‘a_owner_reputation’ (reputation points of answer’s owner), 

‘a_owner_profile_summary’ (summary of answer’s owner), ‘a_owner_views’ (number 

of homepage views of answer’s owner), ‘q_score’ (questions’ score), ‘q_num_answers’ 

(number of answer received for the question), ‘q_num_comment’ (number of comment 

received for the question), ‘q_num_favorite’ (number of favorite received for the 

question). Meanwhile, the feature “q_score_human” (human rated question score from 

last section) has been verified that it has no assistance on predicting answer quality, with 

significance reported as 0. 978499679. In other words, human subjective judgment on the 

quality of question is good or bad does not affect the quality of answer; the real indicator, 

by contrast, was the score of question (“q_score”) with significance reported to be 0. 

005704788. In spite of the significance level “a_owner_profile_summary2” and 

“a_owner_profile_summary3” was slightly higher than 0.05, the dummy variable 

“a_owner_profile_summary” was still kept as significant variable in terms of statistics, 

detailed explanation will be given in chapter 5.3.2. 

To inspect those 11 features which have significant contribution on predicting, a 

simplified model was constructed by removing several independent variables which have 

low p-value (less than 0.05). The results are reported in Table 9. The operation removing 

these features kept the model’s explanatory power to select the best answer, since the 

adjusted R2 equals 0.144, which was marginally enhanced compared with the full model. 

Furthermore, feature owner’s profile summary of a given answer 

(a_owner_profile_summary) still shows impact on prediction with significance reported 

to be around 0.05. Meanwhile, it appears that the most important factor ‘a_num_comment’ 

was found, which refers to the number of comment received for a given answer. 
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Table 9. Report of simplified answer model with simplified answer feature set (a_simplified). 

Coefficients Estimate Std. Error t value Pr(>|t|) Signif

. 

codes 

a_score 0.000699945 0.00025504

5 

2.744397702 0.00616677

1 

** 

a_body_length 4.69E-05 1.45E-05 3.232192611 0.00126710

3 

** 

a_has_edited 0.064332217 0.02389145

3 

2.692687498 0.00720201

3 

** 

a_num_comment 0.042372607 0.00568567

9 

7.452515053 1.93E-13 *** 

a_owner_reputation 6.52E-07 1.77E-07 3.692112388 0.00023397

5 

*** 

a_owner_profile_summary

1 

-

0.012076721 

0.03320476

9 

-

0.363704425 

0.71615280

2 
 

a_owner_profile_summary

2 

0.055013299 0.03113080

4 

1.767166031 0.07749422

9 
. 

a_owner_profile_summary

3 

0.054142478 0.02767204

3 

1.956576828 0.05066505

9 
. 

a_owner_views -1.17E-06 3.73E-07 -

3.122950613 

0.00184005

8 

** 

q_score -

0.000826893 

0.00027314

1 

-

3.027350473 

0.00252797

3 

** 

q_num_answers -

0.007054353 

0.00304787

5 

-

2.314515077 

0.02083391

8 

* 

q_num_comment -

0.010752096 

0.00473363

9 

-2.27142298 0.02332543

2 

* 

q_num_favorite 0.002005266 0.00089238

7 

2.247081 0.02484429

6 

* 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1; Multiple R2:  0.1546,    Adjusted R2:  0.144 
 
In addition, likelihood ratio test was implemented on the models manufactured with full 

25 features and simplified 11 features respectively, the likelihood ratio test was inspired 

by the study of Shah, and Pomerantz (2010). It was checked the value of chi-square test 

and significant level, in where χ2 is 64.492, and p equals 9.006e-08. The result indicates 

that the thin model was more effective and successful than the former one from the aspect 

of statistical significance.  

To sum up, final 11 extracted features of answer was identified to assess quality of a given 

answer, namely modeling with 11 features reported above can estimate whether a given 

answer will be selected as best answer.  The most expected finding was that feature of 

answer’s owner reputation (“a_owner_reputation”) is part of this model with significance 
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coefficients reported to be 0.000234. Recalling reputation system discussed in section 4.2 

and the way of gaining reputation shown in Table 3, it is concluded reputation have solid 

contribution on quality prediction. The current study discovered a consequence, answer 

quality interact with question quality in some way. Three aspects were identified which 

were helping predict question quality in chapter 5.2, while all three features show highly 

contribution on predicting answer quality. Since continuing to do data mining without the 

three shared variables, the adjusted R-squared is 0.1335. For the purpose of testing and 

comparing various models, several further tests were done in the next following section.  

5.4.2 Additional training and testing 

In order to detect and summarize models’ performance, the Receiver Operating 

Characteristic (ROC) Curves technique was implemented (Hanley, & McNeil, 1982); 

Figure 8 outlines the details, such as Area under the Curve (AUC) which is a traditional 

and effective performance measurement for a given ROC curve (Huang, & Ling, 2005). 

Specifically, sensitivity refers to the accepted answers (a_accpeted equals “1”) that test 

correctly identifies as positive, while specificity indicate unaccepted answers (a_accpeted 

is 0) that test correctly identifies as negative.  

As shown in Figure 6, the curves of the three models are similar. In fact, the AUC value 

were 0.7925, 0.792, and 0.7885 for the models with 25 features, 11 features, and 10 

features (by removing “a_owner_profile_summary”) respectively. By removing feature 

“a_owner_profile_summary”, the AUC value has decreased slightly.  

 

Figure 6. The ROC curves of three models. 
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In addition to ROC curves, the validation method “10-fold cross-validation” was utilized. 

The 10-fold cross-validation is model validation technique, in which the initial dataset is 

randomly split into 10 subsets (the folds) of approximately equal size. The model is 

trained and tested ten times, each times the model is trained on nine subsets and tested on 

the left subset (Kohavi, 1995).  The accuracy of various models was outline as shown in 

Table 10, and the accuracy of those models were examined. The accuracy for model 

“a_full” and “a_simplified” was 86.4% and 86.3% individually. While the accuracy of 

the third model without “a_owner_profile_summary” was reported as 86.1%. Therefore, 

it is reasonable argument that “a_owner_profile_summary” has an impact on helping 

prediction from the point of statistic. All models show their satisfactory robustness for 

classification. The experiments were extended to include another larger set of answers: 

5000 answers were randomly selected from Stack Overflow via Data Explorer. All of the 

classification results reported were outlined in Table 10. It is clear that all the models tend 

to give reliable results and indicate their robustness on training as well as testing data. 

Table 10. Summary of accuracy of various classification models. 

# Model Training 

Dataset 

Testing 

Dataset 

Classification 

accuracy 

1 25 extracted 

answer features 

1052 samples Same data  

86.4% 

2 25 extracted 

answer features 

1052 samples 10-fold cross-

validation 

85.9% 

3 11 extracted 

answer features 

1052 samples Same data 86.3% 

4 11 extracted 

answer features 

1052 samples 10-fold cross-

validation 

85.6% 

5 10 extracted 

answer features 

1052 samples Same data 86.1% 

6 10 extracted 

answer features 

1052 samples 10-fold cross-

validation 

85.9% 

7 11 extracted 

answer features 

2898 samples Same data 85.3% 

8 11 extracted 

answer features 

2898 samples 10-fold cross-

validation 

85.2% 

5.5 Method for predicting best answers 

Beyond selecting best answers, there are some crucial lessons to study for measuring 

content quality in CQA (Shah, & Pomerantz, 2010). For a question on Stack Overflow, it 

may have more than one answer. While only one may be selected as the best answer, it is 

extremely hard to create a classifier that outperforms random selection (Shah, & 

Pomerantz, 2010). But if proper features can be identified and applied, it is reasonable 

and possible to build models that can have significantly higher probability of identifying 
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the best answer in the ‘yes’ class than of classifying a non-best answer in that class (Shah, 

& Pomerantz, 2010). 

New users with programming question find Stack Overflow from various methods, such 

as Google (Meta Stackexchange.com, 2009). By doing data mining, there are around 1.28 

million questions on Stack Overflow have received more than one answers but no one has 

been selected as the best answers, of which more than 19% questions were asked by users’ 

reputation group “less 10”, and about 42% questions were asked by users’ reputation 

group “min 50”. Some of these users just seek solutions they required, once their problem 

are resolved, they will do nothing more, such as vote or accept the best answer. This kind 

of behavior will damage other users’ benefits and Stack Overflow’s management.   

By applying the presented model (a_simplified), it will reduce the amount of questions 

without accepted answers. And also, it may standardize the behavior of new users, and be 

beneficial to management for the site. Meanwhile, the simplified can automatically 

suggest to their users the best answers, which is a time-saving solution 
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6 Discussion 

The main research question of How to design a model to evaluate the content quality of 

CQA sites, was divided into three sub-questions. By studying and answering these sub-

questions, it is possible to solve the main research question. The answers of each sub-

question were described as following: 

How the content quality of Stack Overflow can be defined? 

To solve the first sub-question, the literature review related to the CQA sites was 

conducted. Everyone can make her or his own subjective judgments on the quality of 

content, depending on various measurements (Shah, & Pomerantz, 2010). And it should 

be considered that there are so many challenges and issues existing in area of assessing 

content quality in CQA sites such as data collecting. For example, there is no uniform 

metric or measurement for formatting and standardizing data. In the current study, content 

quality refers to question and answer quality. And if an answer has been accepted as best 

answer, this answer will be considered as a high quality answer. Meanwhile, the high 

quality question was defined: if a question’s human rated score is higher than 3, then this 

question has high quality. 

What are the factors that can be used to evaluate content quality? 

In chapter 4.3, two feature sets were presented based on previous literatures as shown in 

Table 4, and Table 5. The feature sets were constructed from questions feature zone, 

answers feature zone and users feature zone. 

Questions feature zone includes score points of question, length of question’s title, length 

of the question’s content, number of answers received for a question, number of 

comments for the question, number of views, number of favorites, and number of tags 

that question owned.  

Answers feature zone consists of score points of question, content length of answer, 

number of comment, and boolean value determined by the judgments, which are content 

contains code and content has been edited.  

Users feature zone is depended on user’s activity. Users in here can be interpreted into 

two aspects: askers and answerers. It is made up of the following features: user’s 

reputation points, number of view of user’s homepage, number of user’s upvotes and 

downvotes received from other users, and points of user’s profile summary.  

To evaluate and predict question quality, the human rated results were used as dependent 

variable, while features from Table 4 were modeled as independent variable. For the 

purpose of evaluating answer quality, the variable “a_accepted” was used to be dependent 

variable, other 25 variables from Table 5 were implemented as independent variable. 

What are the relationships between the factors and content quality?  
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To measuring question quality, the pilot experiment was constructed and reported in 

chapter 5.2. The model’s adjusted R2 was low, which denotes the model for evaluating 

question quality had no explanatory power of predicting question quality. However, three 

features showed significant contribution on predicting question quality: ‘q_score’, 

‘q_num_answers’, and ‘q_num_favorite’, despite of the poor goodness of model fit. 

For evaluating answer quality, by implementing and modeling with these 25 variables, 

the full model was built with adjusted R2 reported to be 0.1358, and this full model 

revealed that 11 features have significant contribution on predicting whether an answers 

will be accepted as the best answer. Then, the simplified model was constructed with the 

11 features, and the adjusted R2 of the simplified model was reported to be 0.144, which 

had slightly improvement.  Those significant features include answer score earned on the 

site (“a_score”), numeric content length of answer (“a_body_length”), boolean value 

measured whether answer has edited (“a_has_edited”), number of comment received for 

a given answer (“a_num_comment”), answer owner’s reputation points 

(“a_owner_reputation”), the answerer’s profile (“a_owner_profile_summary”), 

homepage views of answer’s owner (“a_owner_views”), question supporting rate 

indicator measured by scores question earned (“q_score”), number of answers received 

for a given question (“q_num_answers”), number of comments received for a given 

question (“q_num_comment”), and number of favorite received for a given question 

(“q_num_favorite”). 

Modeling answer quality was this study’s main attention focus. By classifying 

experiments, the simplified model gained 86.3% classification accuracy on the same data. 

Via doing cross-validations, the robustness of the simplified model was determined with 

85.6% classification accuracy on 10-fold cross-validations dataset.  

6.1 Contribution to literature and implications for practice 

The current study committed contribution to literature. For example, few researches of 

model question quality have been conducted. It is determined a finding that question 

quality has influence on answer quality, although some previous studies has revealed that 

(e.g: Chen, & Nayak, 2012; Bian et.al, 2008). The most important conclusion is the 

implementation of modeling answer quality via logistic regression is feasible methods on 

Stack Overflow. With the results reported above, it is sufficiently proved that logistic 

regression can be applied to access answer quality.  

The findings of this research have implications for practice as well. For example, some 

questions (around 23.7%) have received more than two answers but no one has been 

selected as best answers, the simplified model can resolve this challenge technically and 

predict the best answers. And based on the models built in this study, CQA sites can 

automatically suggest to their users the best answers, which is a time-saving solution for 

users looking for help from CQA sites. Some features were proved to be crucial factors 

for measuring the goodness of content in practice, such as ‘q_score’ and ‘a_score’. The 

design is very reasonable and effective from the point of site design. 
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6.2 Limitations and future study 

The current study has limitations in several ways. First, the results are limited by the size 

of sample, especially the data size of human rating, only three evaluators were involved 

in the rating part. Hence it is suggested that rewarding mechanism could be considered to 

attract more attention in future research. Second, the study ignored a few of very 

promising features, such as answer owners’ accepted ratio and the highest answer owner’ 

reputation score for a given question. To the future work, future researches could be done 

via comparing with other features, and more features can be presented and used. In 

addition, new methods, such as other machine learning algorithms are promising methods 

to evaluate content quality. It is also reasonable to compare the final results with other 

machine learning algorithms.  
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7 Conclusions 

In this study, several models for evaluating answer and question quality of CQA sites 

based on literature review were constructed via Logistic Regression. In particular, with 

answer quality models, it can predict which answer will be selected as the best answer. 

Stack Overflow was picked as the case studied.  

Several data statistics of the dataset extracted from the site were summarized and 

presented. According to previous researches, several possible features from questions and 

answers were collected. By building models and classifying experiments, the most 

significant features for predicting answer quality were discovered, including answer score 

earned on the site, numeric content length of answer, boolean value measured whether 

answer has edited, number of comment received for a given answer, answer owner’s 

reputation points, the answerer’s profile, homepage views of answer’s owner, question 

supporting rate indicator measured by scores question earned, number of answers 

received for a given question, number of comment received for a given question, and 

number of favorite received for a given question. However, the results of modeling 

question quality were not good with adjusted R2 was quite low, three features showed 

significant contribution on predicting question quality: question score earned on the site, 

number of answers received for a given question, and number of favorite received for a 

given question.  

In addition, some tests were done to demonstrate the robustness of answer quality models 

via 10-fold cross-validations. The trained models also have been applied to a larger 

dataset. The results, once again, verified the robustness of answer quality models was 

strong. 
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