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Abstract  
Open Source Software (OSS) applications are free software products where the source code is open to 

everyone. This source code can be modified, used, and extended based on the OSS license disciplines 

and restrictions. OSS projects are developed and maintained by a community of developers and 

coordinators. OSS developers contribute to the projects using online platforms such as SourceForge, 

FreshMeat, and GitHub. Software development is a socio-technical practice. Developers require 

technical knowledge of software engineering to develop a software solution. Also, soft skills are crucial 

for successful collaboration among team members. OSS developers use social coding platforms to 

develop the software, collaborate, and communicate with each other in the absence of face-to-face 

interactions. 

The success of OSS projects such as Linux, MySQL, Android, Hadoop, and, Firefox attracts 

practitioners and scholars to study and analyse the OSS community from different perspectives. This 

thesis focused on analysing the OSS community with a socio-technical lens grounding on the previous 

literature. This study aimed to support the OSS community from different angles. In this thesis, several 

research methods and theories were employed to study the large data set of OSS projects. 

This study is defined as a large-scale analysis of socio-technical interactions in the open source 

community in a broader scope. This thesis contributes to the body of the OSS literature by finding the 

right match among developers and projects. We have applied the design science research method to 

develop an artefact that recommends projects to developers. Also, we have applied social network 

analytics, statistics, and econometric techniques to analyse the OSS projects’ success factors. 

Furthermore, we have investigated the role of newcomers in the OSS community. We have proved the 

role of newcomers’ supportive strategies on the success of OSS projects. To support newcomers in their 

initial contribution to the OSS community, we have applied data mining techniques to find efficient 

pathways for newcomers. 

 

Keywords: Open Source, GitHub, Projects Success, Data Mining, Longitudinal Data Analytics, Socio-

technical, Recommender System, Newcomers, Social Coding, Social Network Analytics 
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Chapter 1: Introduction 

1.1. Background 

People develop software applications for people. Software engineering is a technical and collaborative 

process among developers, project coordinators, end-users, and project organizers. The software 

products should meet technical requirements and quality where technical knowledge, collaborations, 

and socio-technical skills play an important role. Developers and collaborators are people with diverse 

personalities, different levels of expertise, and different cultural and educational backgrounds. High-

quality software and successful projects require managing developers’ social and technical activities 

aligned with the projects’ main requirements. Around 50 years ago, Gerald Weinberg depicted that 

software programming is an outcome of human performance and social activities (Weinberg 1971). 

Despite this notion, the social aspects of software engineering were not studied for decades, and 

recently, a new field of study is shaped as social or collaborative software engineering (Ahmadi et al. 

2008; Mistrík et al. 2010). Few workshops and conferences such as CHASE and ICSE-SEIS track are 

mainly focused on this subject for almost a decade. 

Open source software (OSS) are free software products where the source code is available to the public 

to view, use, modify or extend the project based on disciplines mentioned in OSS license content. OSS 

is highly dependent on volunteers’ contributions to develop, coordinate, and maintain the artefact. With 

the growth of Web 2.0 technologies and the presence of online communities, OSS online communities 

are shaped where virtual teams around the globe collaborate to develop and maintain OSS projects. A 

diverse range of developers maintains OSS projects from professional and expert software engineers to 

newcomers. In the OSS community, members’ collaboration and development are online and computer-

centric. Projects are using platforms such as GitHub to facilitate the team members’ collaboration. To 

have a successful OSS project, the OSS community needs to retain experienced developers and attract 

and motivate newcomers to join and collaborate. 

This thesis aimed to support the OSS community by focusing on OSS development as a socio-technical 

and collaborative process. We have argued that to have a successful OSS project, we need to understand 

the social aspects of software development aligned with all the technical skills requirements. A large 

amount of data is stored in OSS community archives which can help scholars to understand what was 

happened inside a project regarding collaboration, development, and communication. This thesis uses 

this archived data to answer the research problems. 

    

1.2. Research Motivations 
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During the last decades, the Open source software (OSS) impact in global IT industries is 

unquestionable. The great success of Linux operating systems and open source projects such as Apache 

Project, Eclipse, Firefox, MySQL attracted businesses to use Open source projects (Bhattacharya et al. 

2012; Midha and Palvia 2012). The success of the OSS phenomena attracted developers, practitioners, 

and researchers to contribute to the OSS community and study different aspects of the OSS community 

(Grewal et al. 2006; Midha and Palvia 2012; Stewart and Gosain 2006). The growth of the online 

community and the impact of OSS projects have transformed the OSS community in different ways 

(Fitzgerald 2006).  Many commercial projects changed to open source, and giant IT companies such as 

Google, Microsoft, Oracle, and Facebook developed and supported a big range of OSS artefacts. The 

extensive range of these open source projects is hosted on public OSS repositories such as SourceForge, 

GitHub, and BitBucket. 

Open source software development is a socio-technical process that requires soft skills and software 

engineering technical knowledge. Despite the great success of many open source projects, a large set of 

OSS projects are failed to gain community attention with little success. Studies have approved the role 

of contributors and volunteers in OSS projects’ success (Schilling 2014; Von Krogh et al. 2012; Von 

Krogh et al. 2003). The open source community heavily relies on volunteers’ participation in different 

aspects of the OSS development process, including coding, coordination, mentorship, documentation, 

reporting bugs, and testing. Community members join OSS projects based on different motivations 

(Intrinsic, extrinsic, ideological) (Alexy and Leitner 2010; Krishnamurthy et al. 2014; Moqri et al. 

2018). Many motivated contributors stop their contribution due to socio-technical barriers they found 

in their joining process (Schilling 2012; Steinmacher et al. 2015). 

Online communities and social network phenomena have emerged into OSS development in terms of 

social coding platforms. In social coding platforms, OSS developers can contribute to OSS projects. 

Social coding platforms provide tools and environments for online software development such as 

decentralized CVS repositories to track the project’s history, issue tracking and feature request 

management, communication channels, and continuous integration and continuous delivery (CI/CD) 

tools. These tools are a requirement of the software DevOps (Development and Operations) process. 

Apart from these tools, Social Coding environments are enriched with social networking features such 

as members following where community members can follow other members. Also, members can 

interact and communicate via the provided tools in social coding platforms. Furthermore, members have 

their profile page and can watch (like) other projects (Dabbish et al. 2012; Moqri et al. 2018). This 

integrated and collaborative environment has motivated developers, project owners, and software 

companies to choose social coding platforms such as GitHub for their development practices. Currently, 

GitHub is the largest OSS repositories with more than 200M repositories and 65M users. 
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The enriched historical data of OSS projects and developers’ interactions in GitHub help us use a 

longitudinal dataset to investigate socio-technical aspects of OSS development. As a software engineer 

interested in open source frameworks, this is an interesting context for the author to help the OSS 

community to have more successful and popular projects. Also, I am motivated to apply my analytical 

and design-based skills to help developers in their continuous and motivated contribution to the OSS 

community. In this study, my main motivations are using enriched data stored in social coding platforms 

to help the OSS community to retain newcomers and experienced developers. Furthermore, the author 

is motivated to use this large dataset to help OSS projects to get popular and successful. This study 

complements the previous studies in OSS literature to understand the popularity factors of OSS projects 

(Grewal et al. 2006; Midha and Palvia 2012; Stewart and Gosain 2006) through a socio-technical lens. 

Also, this study contributes to socialization (Carillo et al. 2017; Steinmacher et al. 2018), and Person-

Organization fit (Schilling et al. 2012; Sharma et al. 2010) literature in Information systems and 

management science. 

 

1.3. Research Objective 

The recent changes in OSS collaborations in the social coding environment motivate us to study the 

OSS environment’s transparent social and technical interactions. This transparent layer of socio-

technical interactions in OSS projects can help us know what makes an OSS popular to attract potential 

contributors to a project. The archived data in GitHub is a great resource to analyse socio-technical 

interactions among OSS developers. Furthermore, GitHub is the largest OSS repository, and most of 

OSS projects are hosted in GitHub (many of OSS projects have already been migrated to GitHub from 

SourceForge and Google Code). Using a social network perspective on OSS projects interactions over 

time will help us know how project embeddedness and cohesion affect the project popularity.  

Additionally, we want to use the knowledge around contributors’ socio-technical interactions and the 

OSS project’s attributes to help newcomers and experienced OSS developers to find a correct project 

to contribute to them. Developers’ turnover is one of the major reasons for OSS failure (Calefato et al. 

2021; Schilling 2014). We are motivated to understand the role of newcomer’s supportive strategies in 

the OSS community across the large set of OSS projects hosted in GitHub. This understanding will help 

newcomers to select and join the projects with a higher chance of success. Also, we are motivated to 

know what makes a newcomer a successful contributor in the OSS community to help other newcomers 

with a similar success pattern. 

Although supporting newcomers is one of the research objectives, we want to help experienced 

contributors to sustain their contribution with the right choice by designing a mechanism for project 

recommendation. We aim to apply the design science research (DSR) method to develop a 
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recommender system to match developers to projects that can help developers find the right project. 

This matching mechanism can help projects to get the benefit of the right matches to developers. This 

objective supports both experienced developers and projects in a win-win situation. 

 

1.4. Research Scope 

This study is defined as a large-scale analysis of socio-technical interactions in the open source 

community. However, the open source community is a complex phenomenon, and we have only 

focused on a small subsection of this context. 

First, we have investigated the OSS project as a unit of analysis in our first study. We have applied a 

social network perspective to investigate the OSS projects. Each project is studied as a network of 

developers who follow each other and are affiliated with other projects. We have analysed structural 

changes of the social network over time and their effect on the project’s popularity among potential 

contributors. Also, in the other study, we have analysed OSS projects to depict the effect of newcomers’ 

supportive strategies on open source project’s success over time. 

The second scope relates to the OSS developers. We have divided developers into newcomers and 

experienced. For experienced developers, we have historical data of their activities; however, for 

newcomers who joined GitHub for the first time, we do not have their background. In one piece of 

research, we have designed an artefact that helps experienced OSS developers find a project that 

matches their interests. This study investigates developers’ social and technical interests through a novel 

approach to design a personalized rating mechanism for the OSS project. This rating approach can be 

used in the project recommendation process. We have followed the design science research (DSR) 

method on this part of the study. This study also investigates the patterns of socio-technical activities 

in the projects.  

We have analysed the successful newcomers’ socio-technical activities using machine learning 

techniques to find patterns and pathways they used to reach to the success. Furthermore, we have 

investigated the attributes of the projects chosen by successful newcomers.  Figure 1.1 shows the general 

scope of this study in the OSS community.  
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Figure 1.1 Research Scope 

 

1.5. Research Questions 

This research supports the OSS community using socio-technical data of OSS projects hosted in a social 

coding platform. This research is inspired by the research in the area of OSS success factors using social 

network theory (Grewal et al. 2006) and socio-technical activities (Dabbish et al. 2012; Sarker et al. 

2019; Tsay et al. 2014). This thesis aimed to answer the following research questions. 

Main Research Question: How we can use the archived data of the social coding environment to 

understand the OSS community’s behaviour? 

In this thesis, the first study is aimed to answer the following research question: 

RQ 1: How do the changes on OSS developers’ networks affect the popularity of OSS projects over 

time? 

We have divided this research question into two separate questions: 

RQ 1.1:    How the developer network dynamics over time affect the popularity of OSS projects 

across the community? 

RQ 1.2: How the affiliation network and the following network differently affect OSS project 

popularity among community members over time? 

To answer these questions we have constructed two different networks which represent different types 

of developers’ communication patterns. 

Newcomers 

Experienced 

Projects 

OSS COMMUNITY 
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The second study answers the question about finding the right project among the projects hosted in a 

social coding platform for a developer in the OSS community based on her preferences. 

RQ 2: How to design a personalized rating mechanism for OSS projects hosted in a social coding 

platform based on developer’s preferences changes over time and projects changes over time? 

For this purpose we have investigated developers’ socio-technical activities over time to find their 

preferences. We have used developers’ socio-technical interest to design a personalised rating 

mechanism which can be used in project recommendation process. 

The third research question targeted newcomers’ supportive strategies’ effect on the OSS projects’ 

success. However, this study answers two other research questions related to factors affecting the open 

source project’s success and popularity over time. We have also studied the effect of strategical 

decisions on the OSS projects’ success. 

RQ 3.1: What are the effects of adapted newcomers’ supportive strategies on the success of OSS project 

over time?  

RQ 3.2: What are the effects of project attributes and general strategical decisions on the success of 

OSS project over time? 

The fourth study aimed to answer questions about how successful newcomers perform and decide in 

the OSS community. The responses to these questions can help other newcomers with the guidelines 

for better decisions. 

RQ 4: How does a successful newcomer perform and decide in the OSS community? 

 

1.6. Theoretical Approach 

We have applied several theories in this thesis to explain and frame each study separately. The theories 

are generally rooted in information systems and management science disciplines. We have discussed 

the adapted theories in detail in the following chapters, where they have been applied. The main theories 

we have applied are social network theory (Krause et al. 2007), Communication visibility theory (CVT) 

(Leonardi 2014), organizational socialization theory (Bauer and Erdogan 2011), Impression 

management theory (Tedeschi et al. 1981), signalling theory (Spence 1978) and Theory of translucence 

(Erickson and Kellogg 2000). These theories are powerful tools to explain the socio-technical activities, 

events, and interactions inside the OSS community. 

 

1.7. Research Data and Context 
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Based on the research nature and research question, the data used in this thesis is secondary data. We 

have collected this data from GitHub, which is the largest open source community. GitHub provides 

public RESTful APIs to collect data directly around projects, developers, and communications. Also, 

the enriched data collected in GitHub is archived in few datasets, such as GhTorrent (Gousios 2013) 

and GitHub Archive (Mombach and Valente 2018). We have mainly used data from GhTorrent dataset 

as seed to our data collection engine. We have also used GitHub public API when the required data was 

not available in GhTorrent. Figure 1.2 shows the black box structure of the data collection application 

implemented in C# using MySQL database. 

   

 Figure 1.2. Data collection framework 

 

1.8. Research Approach 

To describe the research approach of this thesis, we have defined research type, data type, data analytics, 

and artefact construction in this sub-section 

1.8.1. Research Type 

In this research, we have applied quantitative research and design science research methods. We have 

used quantitative methods to test our central hypothesis regarding the success of OSS projects. 

Furthermore, we have applied machine learning techniques to find the newcomers’ success patterns. 

We have adapted the design science research method to design a recommender system for OSS 

developers to find the right project. 

1.8.2. Data Type 

We have collected data from GitHub through the process in the above-mentioned framework. For the 

purpose of this thesis, we have shaped several longitudinal datasets based on the result of the data 
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modeller component. These datasets are generally numeric and quantitative data which are aggregated 

from time to time activities in GitHub. Also, we have shaped several social networks as a graph and 

analysed graphs based on graph analytics routines. 

1.8.3. Data Analytics 

Based on the different nature of research questions, we have employed several analytical techniques 

and tools. A mixture of econometrics, statistical, and machine learning techniques are employed to 

analyse the data captured from the social coding environment. For the purpose of longitudinal data 

analysis, we have employed a random-effect model from econometric studies. In addition, we have used 

panel VAR models for complementary studies on the longitudinal data set. We have applied correlation 

analysis, regression models as statistical tools. We have implemented all of them in the R programming 

language. We have applied collaborative filtering as a machine learning technique to create our 

recommender system.  

Regarding machine learning techniques, we also used social network analysis and graph theory. 

Furthermore, we have adapted random forest and decision trees techniques. All of these machine 

learning techniques are implemented through R packages. In addition, we have applied several 

visualization techniques to understand our dataset more in-depth. 

1.8.4. Artefact Construction 

Based on the guidelines presented for design science research in information systems (Gregor and 

Hevner 2013; Hevner et al. 2004). We have created our rating mechanism artefact. We have elaborated 

our novel algorithms, and we have implemented and tested our model to evaluate its performance. We 

have created our artefact in an iterative process presented in (Peffers et al. 2007). 

 

1.9. Significance of research 
1.9.1. Academic Value 

This thesis addresses the lack of socio-technical understanding of the OSS community. The literature 

review on OSS success studies revealed the lack of attention to developers’ internal communications 

and interactions in social coding platforms. Also, literature depicted the importance of newcomers for 

OSS success and mentioned their main socio-technical barriers to contribute to OSS projects.  

(Steinmacher et al. 2015). However, little is known about how newcomers can gain reputation in the 

OSS community and how the successful newcomers perform. This study added value to the literature 

of OSS project popularity by taking a different angle on the OSS project popularity concept. The OSS 

literature has proved the main reasons and motivations for developers to join OSS projects (Alexy and 

Leitner 2010; Trinkenreich et al. 2021; Von Krogh et al. 2012), but little is known about how 
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experienced developers are deciding on joining a project and how they can decide to choose the right 

project. Furthermore, this thesis has presented a new perspective on the few variables used in the OSS 

literature and replicated some of the previous findings in a new environment and a new analytic 

approach.  

1.9.2. Practitioner Value 

This project helps four types of practitioners in OSS development. 

Experienced developers: This thesis helps experienced developers to find the right project to join 

based on their implicit preferences. In addition, support developers to know how the successful project 

our shaped. As potential contributor, they can understand how internal and external socialization and 

communication among team members can impact the future of a project. 

Newcomers: A part of this study has explored the success pathway of newcomers in social coding 

platforms. This pathway can be a good guideline for those who want to enter the borderless community 

of OSS development. On the other hand, this study has proved that the project that takes care of 

newcomers to guide them in their on-boarding process performs better than others. 

Project owner and decision-maker: The outcome of this thesis has proved that project decision-

makers should take care of their on-boarding strategies to support newcomers. This outcome can help 

them to have a successful project. In addition, it proves that project owners need to track what is 

happening inside and outside of their project in the environment to keep their project tuned. The license 

choice, diversity, and socio-technical activities are tracked by potential contributors and can affect their 

future trend of success. 

Supporting firms: Many OSS projects are supported or funded by external resources. These supporting 

firms are looking for trending and successful projects. The outcome of this thesis can help them to know 

how and why to invest in a project. 

 

1.10. Thesis Outline 

This thesis is structured in seven chapters. This chapter introduced the research foundation and concepts 

along with research importance and research questions. CHAPTER TWO provides a literature review 

regarding the main research questions of this thesis. CHAPTER THREE focused on the social networks 

effect on OSS project popularity. CHAPTER FOUR elaborates the designing process of the 

personalized OSS project rating mechanism. CHAPTER FIVE presents the effect of newcomers’ 

supportive strategies and project general strategies on the success of OSS projects over time. CHAPTER 
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SIX outlines the newcomers’ success patterns using machine learning techniques. CHAPTER SEVEN 

concludes the findings of this thesis. 
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Chapter 2: Literature Review 

This chapter briefly reviews OSS literature regarding the context of this thesis. We have presented the 

literature on OSS projects’ success along with literature on newcomers’ on-boarding in OSS. Also, we 

have reviewed the literature on OSS project selection and developers’ turnover in the OSS community. 

Finally, we have discussed the literature on data mining in OSS repositories and recommender systems 

in software engineering (RSSE). 

 

2.1. Open Source Project Success 

The notable success of OSS projects such as Linux, MySQL, R programming language, and Perl 

programming language as well-established software projects and more recent projects such as Angular, 

Hadoop, React, and MongoDB, has increased scholar attention to study the success factor of OSS 

projects (Ghapanchi et al. 2011; Grewal et al. 2006; Singh et al. 2011; Stewart and Gosain 2006). 

Despite the great success of many OSS projects, most OSS projects are failed to reach an overall success 

(Fitzgerald 2006; Midha and Palvia 2012). Previous literature has classified success and quality as 

performance measures for OSS projects (Aksulu and Wade 2010). In this sub-section, we have reviewed 

the OSS literature to understand the OSS project’s success factors. We have investigated the major 

theoretical frameworks used in OSS success studies, the main variables used as a success, and the main 

factors affecting the OSS success. Also, we have classified OSS success studies based on different 

perspectives. 

Furthermore, we have investigated datasets and analytical approaches adapted in OSS success literature. 

For the purpose of this literature review, we have employed the guidelines mentioned in (Webster and 

Watson 2002). We have searched for all the related topics in top-tier journals in information systems 

and software engineering disciplines. We have also searched in top IT academic archives such as IEEE, 

ACM, AIS, and Springer. 

2.1.1. Theoretical perspective 

In this section, we have studied the prominent theories to understand open source success. More than 

fifteen theories were applied to describe OSS success phenomena. These theories helped scholars to 

explain the OSS project success from different perspectives. A standard theory to address the OSS 

project success is DeLone and McLean information system success model (Delone and McLean 2003). 

This theory defines the information systems (IS) success through the relationship of six main 

components. Figure 2.1 represents this theoretical model. The applicability of this model for the OSS 

project is argued (Crowston et al. 2006). Based on the volunteer-based nature of OSS projects, it would 

be hard to define some organizational measures of IS success model in the OSS community. 
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Furthermore, being on time and budget is not applicable as quality measures in OSS projects 

(Subramaniam et al. 2009). Literature has mapped this model to a process-based model to overcome 

this issue. The IS success theory is widely applied to describe OSS success (Crowston et al. 2006; 

Ghapanchi et al. 2011; Lee et al. 2009; Piggot and Amrit 2013; Singh et al. 2011). 

 

 

Figure 2.1. Information systems success model (Delone and McLean 2003)   

Social network theory (graph theory) is also used to map the OSS community interactions and 

communication (Grewal et al. 2006; Singh 2010; Wu et al. 2016). Researchers have shaped networks 

of developers and projects to investigate several aspects of OSS development (Peng et al. 2013; 

Temizkan and Kumar 2015; Wu and Goh 2009). Social network analytics (SNA) is applied to 

understand the success of the OSS project (Grewal et al. 2006; Singh 2010). The most common type of 

social network used in OSS success literature is the affiliation network (Co-membership network) 

(Daniel and Stewart 2016; Grewal et al. 2006; Peng et al. 2013; Singh et al. 2011; Wu et al. 2016; Wu 

and Goh 2009). The affiliation network is a bidirectional developer to developer network. In this type 

of network, developers are connected if they contribute to the same project. Despite the common usage 

of affiliation network, subscription networks (Yang et al. 2013), discussion threads (Hinds and Lee 

2008), co-watch (Peng et al. 2018), and patch development feature requests (Temizkan and Kumar 

2015) are also used in few studies. The limited number of studies used multiple types of networks 

(Singh et al. 2011; Temizkan and Kumar 2015; Wang et al. 2012). By introducing social coding 

platforms such as GitHub, scholars can shape other types of networks using the following and watching 

events in GitHub (Peng et al. 2018). 

OSS studies have employed social capital theory to interpret the OSS success factors. Social capital 

theory in OSS success literature elaborates the importance of the social role of contributors as a part of 

the community and the shared sense, trustworthiness, and reciprocities among community members and 

projects (Daniel et al. 2018; Dissanayake et al. 2015; Mallapragada et al. 2012; Singh et al. 2011). 

Studies have confirmed the role of project leaders and founders’ social capital in OSS success 
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(Dissanayake et al. 2015; Mallapragada et al. 2012). Also, literature has shown the effect of developers’ 

social capital on linking to newer resources which can help the project’s success (Daniel et al. 2018). 

Developers’ expertise was defined through the social capital theory, which depicts the expertise 

integration in OSS projects can increase project effectiveness (Chou and He 2011). OSS project’s 

success is measured by defining the market popularity construct in relation to developers’ internal and 

external social capital (Singh et al. 2011; Wang et al. 2012). Some studies have combined social network 

theory and social capital theory to address the OSS project success factors (Chou and He 2011; Hinds 

and Lee 2008; Peng et al. 2018; Singh et al. 2011; Wang et al. 2012).    

In addition to the above-mentioned theories, some other theories are also employed to explain OSS 

success. To survive and succeed in the OSS community, it is vital for the OSS project to attract 

newcomers. The first impression management theory explains the requirement of providing initial 

information for OSS project’s success to gain new members (Choi et al. 2010). Signalling theory 

addresses how long-term contributors as valuable assets to OSS projects asses projects through signals 

they get from projects (Ho and Rai 2017). Long-term contribution is also explained through the 

Legitimate Peripheral Participation Theory (Fang and Neufeld 2009), where identity construction and 

situated learning are related to individual participation. Organizational theory and social cognitive 

theory explain that improvement in OSS projects is empowered by the developers’ motivations, efforts, 

and abilities in team formation and composition (Rastogi 2015). Coordination theory emphasises the 

importance of coordination process and moderating tasks interdependencies in OSS success (Colazo 

and Fang 2010; Crowston et al. 2005). Absorptive Capacity Theory (ACAP) explains how accessing 

external knowledge can help OSS projects. Cue utilization theory is employed to understand how end-

users and developers evaluate OSS project value based on internal and external information about the 

project (Midha and Palvia 2012). Proactive bug fixing and functional enhancement affect OSS success 

and efficiency through the lens of dynamic capacity theory (Ghapanchi and Aurum 2012b). The OSS 

community response to the raised issues and bugs is explained by resource bases theory. Theory of 

Competency Rallying reveals the effect of efficient bug fixing and coordination on the OSS success 

(Ghapanchi 2013; Ghapanchi and Aurum 2012a). Viewing the OSS project as an ecological system 

introduces the continued activity and sustainability as a project success factor (Chengalur-Smith et al. 

2010b). Process theory explains how requirement evolution affects OSS project popularity (Robinson 

and Vlas 2015).        

Table 2.1. Summary of common theories used in OSS success 

Theories Sample references in OSS success 

Information Systems Success 

Theory 

(Deodhar et al. 2010), (Cheruy et al. 2017), (Subramaniam et al. 

2009), (Crowston et al. 2006) 
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Social Network Theory (Sutanto et al. 2014), (Peng et al. 2013), (Daniel and Stewart 2016), 

(Singh et al. 2011), (Wu and Goh 2009), (Singh 2010), (Wu and 

Tang 2007), (Wu et al. 2007), (Wu et al. 2016), (Peng et al. 2018) 

Social Capital Theory (Dissanayake et al. 2015), (Mallapragada et al. 2012), (Daniel et al. 

2018), (Chou and He 2011), (Singh et al. 2011),(Wang et al. 2012) , 

(Peng et al. 2018) 

First impression management 

theory 

(Choi et al. 2010) 

Signalling Theory (Ho and Rai 2017), (Setia et al. 2020), (Roberts et al. 2006) 

Social Cognitive Theory (Rastogi 2015) 

Coordination Theory (Crowston et al. 2005), (Bird 2011), (Colazo and Fang 2010) 

Organizational Theory (Temizkan and Kumar 2015), (Wu et al. 2016) 

Absorptive Capacity Theory 

(ACAP) 

(Deodhar et al. 2010) 

Theory of Planned Behaviour (Ho and Rai 2017) 

Community of Practice (Tsay et al. 2012) 

Legitimate Peripheral 

Participation Theory 

(Fang and Neufeld 2009) 

Cue Utilization Theory (Midha and Palvia 2012) 

Dynamic Capacity Theory (Ghapanchi and Aurum 2012b), (Ghapanchi 2015b) 

Resource Based Theory (Ghapanchi et al. 2014) 

Theory of Competency 

Rallying 

(Ghapanchi and Aurum 2012a), (Ghapanchi 2013), (Crowston and 

Scozzi 2002) 

Human Agency (Wang et al. 2012) 

Ecological View on 

Organization 

(Chengalur-Smith et al. 2010b) 

Process Theory (Robinson and Vlas 2015) 
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Technology-Organization-

Environment Theory 

(Liu et al. 2008) 

 

All the above-mentioned theories can help scholars and practitioners to understand OSS success. Many 

of these theories still have the potentiality to be employed aligned with other theories or on their own. 

2.1.2. Success Measures 

This sub-section summarises the main success measures used in OSS literature. Some measures such 

as downloads (Cheruy et al. 2017; Crowston and Scozzi 2002; Midha and Palvia 2012; Setia et al. 

2020), code commits (Grewal et al. 2006; Singh et al. 2011; Stewart and Ammeter 2002; Wang et al. 

2012), and bug fixes (Chengalur-Smith et al. 2010b; Daniel et al. 2013; Ho and Rai 2017) are widely 

used and accepted. Some measures such as Line of Code (LoC) (Capra et al. 2011), communication 

(Ghapanchi 2013; Van Antwerp and Madey 2010), and response to the community (Daniel et al. 2013; 

Ghapanchi 2013) are rarely used and have the potential for future studies. Some measures are recently 

introduced as a new environment provides new features, including forks (Chen et al. 2014; Robinson et 

al. 2016) and stars (Borges et al. 2016; Maqsood et al. 2017; Weber and Luo 2014). We have discussed 

and classified these measures differently to help OSS researchers find the correct measures based on 

their research requirements. Some research centres and communities, such as CHAOSS1 and 

SECOHealth2, also provide lists of metrics across the OSS community with different perspectives. 

Table 2.2. Sample usage of OSS success measures 

Measure Sample usages in OSS success literature 

Commit (Ghapanchi 2015a), (Stewart and Ammeter 2002), (Yang et al. 2013), (Tsay 

et al. 2012), (Grewal et al. 2006), (Midha and Palvia 2012), (Capra et al. 

2011), (Peng et al. 2018), (Singh et al. 2011), (Wang et al. 2012) (Wu and 

Goh 2009) 

Bug Fixes (Daniel et al. 2013), (Ghapanchi 2015a), (Ho and Rai 2017), (Daniel et al. 

2018), (Ghapanchi et al. 2014), (Chengalur-Smith et al. 2010b) 

Feature Request 

Closure 

(Daniel et al. 2013), (Ho and Rai 2017), (Daniel et al. 2018), (Chengalur-

Smith et al. 2010b) 

                                                           
1 Community Health Analytics Open Source Software (https://chaoss.community) 
2 Software Ecosystem Health (https://secohealth.github.io)  
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Response to 

Community 

(Daniel et al. 2013), (Ghapanchi 2013) 

Task Completion (Stewart and Gosain 2006), (Chou and He 2011) 

Downloads (Daniel et al. 2013), (Ghapanchi 2015a), (Cheruy et al. 2017), (Feitelson et 

al. 2006), (Yang et al. 2013), (Israeli and Feitelson 2007), (Surian et al. 2013), 

(Foushee et al. 2013), (Grewal et al. 2006), (Midha and Palvia 2012), 

(Ghapanchi 2013), (Wang et al. 2012), (Crowston and Scozzi 2002), (Wu and 

Goh 2009), (Setia et al. 2020), (Wen et al. 2013) 

Developers (Ghapanchi 2015a), (Choi et al. 2010), (Katsamakas and Georgantzas 2007), 

(Lin et al. 2017), (Norikane et al. 2017), (Tsay et al. 2012), (Stewart and 

Gosain 2006), (Sen et al. 2012), (Ghapanchi and Aurum 2012a) 

Releases (Ghapanchi 2015a), (Stewart et al. 2005), (Israeli and Feitelson 2007), 

(Comino et al. 2007), (Ghapanchi and Aurum 2012b) 

Subscription (Stewart and Ammeter 2002), (Stewart et al. 2005), (Bissyandé et al. 2013), 

(Sen et al. 2012) (Sen 2006) 

Page View (Crowston et al. 2006), (Van Antwerp and Madey 2010), (Ghapanchi 2013), 

(Sen 2006), (Crowston et al. 2006) 

Stars (Robinson et al. 2016), (Borges et al. 2016), (Weber and Luo 2014), 

(Maqsood et al. 2017) 

Forks (Robinson et al. 2016), (Bissyandé et al. 2013), (Chen et al. 2014) 

Deployment (Build) (Rebouças et al. 2017) 

Communication (Van Antwerp and Madey 2010), (Ghapanchi 2013) 

LoC (Capra et al. 2011) 

 

Some of these factors are measured with different perspectives. For instance, the “Developers” success 

measure is used as the turnover rate (Lin et al. 2017), newcomers joining rate (Choi et al. 2010), and 

long-term contributor retention (Norikane et al. 2017). Some measures are widely used, such as CVS 

commit count, downloads, page view, and developers’ attraction and attention. In contrast, software 

artefact deployment (build) (Rebouças et al. 2017) success and Line of Code (LoC) (Capra et al. 2011) 

was used only once as a success measure in OSS literature. 
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The OSS literature has mentioned the main determinants of OSS success. We have summarized the 

main list of OSS success reasons based on different perspectives. First, we have categorised success 

factors based on a socio-technical perspective. Some variables such as project followers, reputation, 

communication, and community response are generally counted as social factors. Other variables, 

including Line of Code (LoC), Project Stage, Releases, and developer expertise, are technical variables. 

Table 2.3 provides the classified list of OSS success factors, 

From another perspective, we have classified the OSS success factors in relation to their positional 

focus, including internal, external, and community. Internal factors are the factors that are defined inside 

a project. On the other hand, external factors are those factors that are in relation to outside of projects. 

There is another layer where the factors are defined outside the project, but they contribute to the project, 

such as bug reporting. An outsider can report a bug or submit a change in source code, affecting the 

code and project. We have named these types of factors as community factors. 

From another point of view, the main OSS success determinants are categorized regarding their 

dynamicity. Some of these factors are changing over time, and others are static or changed very rarely. 

Table 2.3. Determinant of OSS success 

Determinants Socio Tech position Time 

effect 

References 

 S T I C E D F  

Organization Type        (Emanuel 2014), (Ho and Rai 

2017) 

Followers        (Tsay et al. 2012), (Chen et al. 

2014) 

Reputation        (Deodhar et al. 2010) 

Forks        (Chen et al. 2014), (Maqsood et al. 

2017) 

Subscribers        (Maqsood et al. 2017) 

Issues        (Chen et al. 2014) 

LoC        (Chen et al. 2014), (Yang et al. 

2013) 
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Ideology        (Stewart and Gosain 2006) 

Network Structure        (Grewal et al. 2006), (Daniel and 

Stewart 2016), (Singh et al. 2011), 

(Wang et al. 2012), (Sutanto et al. 

2014), (Singh 2010) 

Community 

Response 
       (Zhang et al. 2013), (Ghapanchi 

2015b) 

Firm Support        (Stam 2009), (Capra et al. 2011), 

(Stewart et al. 2005) 

Communication        (Yang et al. 2013) 

License        (Comino et al. 2007), (Daniel and 

Stewart 2016), (Midha and Palvia 

2012), (Mallapragada et al. 2012), 

(Daniel et al. 2018), (Ghapanchi et 

al. 2014), (Ghapanchi and Aurum 

2012a), (Sen 2006; Wu and Goh 

2009), (Wu and Goh 2009), 

(Stewart et al. 2005) 

Operating system        (Subramaniam et al. 2009), (Sen et 

al. 2012), (Sen 2006) 

Programming 

Language 

       (Subramaniam et al. 2009), (Sen et 

al. 2012), (Ghapanchi et al. 2014),  

(Wu and Tang 2007) 

Project Stage        (Subramaniam et al. 2009), 

(Sutanto et al. 2014), (Daniel et al. 

2013) 

Size        (Peng et al. 2013), (Mallapragada 

et al. 2012), (Peng et al. 2018), 

(Chou and He 2011), (Chengalur-

Smith et al. 2010b),  (Sutanto et al. 
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2014), (Wu and Goh 2009), 

(Cheruy et al. 2017) 

Age        (Peng et al. 2013), (Sen et al. 

2012), (Midha and Palvia 2012), 

(Peng et al. 2018), (Ghapanchi 

2013),  (Singh et al. 2011), (Sen 

2006), (Chengalur-Smith et al. 

2010b; Singh 2010) 

Accept Donation        (Sen et al. 2012), (Atiq and 

Tripathi 2014) 

Code Quality        (Midha and Palvia 2012), (Wu and 

Tang 2007), (Rebouças et al. 

2017) 

Bug Reported        (Mallapragada et al. 2012), (Singh 

et al. 2011), (Singh 2010) 

Developer 

Expertise 

       (Chou and He 2011) 

Project Type        (Sutanto et al. 2014), (Wu and 

Goh 2009), (Wu and Tang 2007), 

(Wu et al. 2007) 

Releases        (Ghapanchi 2015b), (Daniel et al. 

2013) 

Reliability        (Sohn and Mok 2008) 

Page View        (Singh et al. 2011), (Singh 2010) 

User Orientation        (Wang et al. 2012) 

Diverse 

Technologies 

       (Crowston and Scozzi 2002) 

Geo-Location        (Colazo and Fang 2010) 
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S: Social, T: Technical, I: Internal, C: Community, E: External, D: Dynamic (Time-Variant), and F: 

Fixed (Time-Invariant) 

 

In another classification, we have listed all the primary sources of empirical data analytics in OSS 

success. Researchers studied the project hosted on SourceForge more than other repositories. With the 

growth of GitHub popularity in the OSS community, scholars are attracted to analyse the enriched 

dataset of GitHub projects.   Scholars have used few OSS data archives such as SRDA (SourceForge) 

(Ghapanchi 2015b; Grewal et al. 2006; Subramaniam et al. 2009) and GhTorrent (GitHub) (Peng et al. 

2018; Weber and Luo 2014), which are formatted and historical archives of OSS projects. Few studies 

have used Ohloh (OpenHub) (Yang et al. 2013) and FreshMeat (Stewart and Gosain 2006) repositories. 

Table 2.4. Main data sources 

Source References 

GitHub (Tsay et al. 2012), (Chen et al. 2014), (Peng et al. 2018), (Maqsood et al. 2017), 

(Robinson et al. 2016), (Rebouças et al. 2017), (Rastogi 2015), (Weber and Luo 

2014), (Bissyandé et al. 2013) 

SourceForge (Hinds and Lee 2008), (Foushee et al. 2013), (Stewart and Gosain 2006), (Wen et 

al. 2013), (Grewal et al. 2006), (Subramaniam et al. 2009), (Peng et al. 2013), (Sen 

et al. 2012), (Midha and Palvia 2012), (Capra et al. 2011), (Daniel and Stewart 

2016), (Mallapragada et al. 2012), (Daniel et al. 2018), (Ghapanchi and Aurum 

2012b), (Ghapanchi et al. 2014), (Ghapanchi 2015b), (Singh et al. 2011), (Wang 

et al. 2012), (Crowston and Scozzi 2002), (Amrit and Van Hillegersberg 2010), 

(Ghapanchi 2015a), (Crowston et al. 2006), (Lee et al. 2009) 

FreshMeat (Sen 2006), (Stewart and Ammeter 2002), (Stewart et al. 2005) 

Ohloh (Emanuel 2014), (Yang et al. 2013) 

 

2.2. Developers’ Attraction, Selection, and Attrition 
2.2.1. Developers’ Motivations 

The OSS success studies reveal that developers and contributors are playing an essential role in OSS 

success. OSS literature addresses the developers’ main motivations to participate in OSS projects. In 

the broader view, the developers’ main motivations are categorized as intrinsic (personal need and 

enjoyment), extrinsic (reputation and career evolution), internalized extrinsic, ideological, and 
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community (Bitzer et al. 2007; Hu et al. 2012; Moqri et al. 2018; Von Krogh et al. 2012). Studies have 

confirmed that developers join OSS projects to improve their community status and gain reputation 

(Roberts et al. 2006). Prior ties with the project owner are mentioned as a social factor contributing to 

OSS projects (Hahn et al. 2008). Also, literature has emphasized the role of project leaders on 

developers’ participation in OSS (Li et al. 2012). Projects reputation, attributes, norms, social capital, 

and strategies motivate developers to contribute (Roberts et al. 2006; Subramaniam et al. 2009; Von 

Krogh et al. 2003).  

2.2.2. Project Selection 

Apart from the above-mentioned motivations, developers are choosing their projects based on different 

criteria. Few studies have investigated OSS developers’ project selection (Blincoe et al. 2016; Hahn et 

al. 2008; Jarczyk et al. 2014; Terceiro et al. 2012). Developers are looking for trending technologies 

and subjects; then, the global force affects their decision to select a project (Terceiro et al. 2012). Also, 

developers are choosing projects based on their background (Terceiro et al. 2012). Developers decide 

to join a project based on their previous relationship with the project leaders (Hahn et al. 2008). 

Developers are tracking rock-stars and popular OSS developers to find a project (Blincoe et al. 2016). 

Project strategies regarding intellectual properties and licensing affect developer’s decisions in selecting 

a project (van Osch et al. 2011). Programming language, project domain, and recent activities are 

mentioned as project selection factors (smith 2014). 

2.2.3. Developers Turnover 

One of the biggest challenges in open source projects is retaining developers (Schilling 2014). Out of 

five projects, four failed as a lack of sustained contribution of developers (Schilling et al. 2012b). Project 

recommendation should find a project for a satisfied long-term contribution of a developer. Attraction, 

Selection, and Attrition (ASA) theory in online communities provides a good understanding of how the 

OSS community should perform developer retention (Butler et al. 2014). ASA theory reveals that 

similar developers will choose similar works similarly and be attracted to similar projects that fit our 

proposed collaborative filtering approach (Chung et al. 2015). The developer’s motivations for joining 

OSS projects are already discussed in the literature review. The ASA process is discussed in OSS 

literature while the importance of retaining newcomers is focused (Steinmacher et al. 2014). In addition, 

this sub-section focused on developer turnover-related studies. 

The concepts of person-job fit and person-team fit are adapted from organizational recruitment theory 

to predict developers’ sustained contribution (Schilling et al. 2012b). The result of this study shows that 

a developer remains in a project if their social and technical skills are aligned with project attributes 

(Schilling et al. 2012b). This study reveals that developers evaluate projects inaccurately, and it leads 

to a high range of attrition. The developer’s social identity level and the new knowledge they learn from 
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their contribution affect the sustained participation of OSS developers in a project. (Chou and He 2011; 

Fang and Neufeld 2009). Developers’ long-term commitment is affected by their location, cultural 

differences, time-zone overlaps, and social commitments (Schilling et al. 2013). Open source 

contributors continued participation is a factor of how the community responds to their request, 

specifically for those not involved in coding practices (Zhang et al. 2013). A project’s sense of 

ownership (Chung et al. 2015) and social ties (Schilling 2012) influences developer retention. 

To understand why developers’ dissatisfaction with open source community hygiene factors of 

Herzberg’s two-factor theory is applied (Yu et al. 2012). They revealed that personal needs and open 

source norms and rules are negatively correlated with dissatisfaction and further developers’ turnover. 

The developer’s attrition effect on the quality of five OSS projects hosted in GitHub is analysed 

(Foucault et al. 2015). A study on developers’ turnover mentioned the role of projects attributes and 

developer attributes as critical factors (Sharma et al. 2012). Project attributes such as license (Shah 

2006), size (Chengalur-Smith et al. 2010a), and code complexity are correlated with continued 

participation. Mentorship programmes of OSS projects lead to a higher retention rate and knowledge 

sharing, and social support (Schilling and Laumer 2012; Schilling et al. 2012a). Project leader influence 

on developers’ retention is dependent on the leadership strategy (Oh et al. 2016). It is recommended to 

apply differential leader-member exchange style in an uncertain atmosphere to improve retention rate. 

While the uniform exchange is recommended in the early stages of a project and decentralized project 

structure (Oh et al. 2016), Large-scale analysis of GitHub projects clarified the effect of team size on 

the retention level of a project (Yamashita et al. 2016).  

 

2.3. Newcomers in open source 

The role of newcomers in OSS survival has been emphasized in OSS literature (Qureshi and Fang 

2011). It is vital for the OSS community to attract, engage, motivate and retain newcomers (Qureshi 

and Fang 2011; Schilling et al. 2012a). Newcomers face many socio-technical challenges in their initial 

contributions (Steinmacher et al. 2015; Steinmacher et al. 2013). OSS projects should reduce these 

challenges to make a better impression on newcomers (Steinmacher et al. 2014; Steinmacher et al. 

2013). To be successful in the OSS environment, newcomers need to learn social and technical skills 

(Steinmacher et al. 2015). A large amount (around 80%) of them may refuse to continue their roles in 

the open source project because of the problem like getting impolite answers or getting no answers from 

the community, duplicating the work, lack of knowledge and skills, and some other reasons 

(Steinmacher et al. 2015; Steinmacher et al. 2013). Table 2.5 summarizes newcomers’ main socio-

technical barriers in the OSS community regarding OSS literature. 

Table 2.5. Newcomers’ challenges in OSS projects (Steinmacher et al. 2015) 
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Problems Samples 

Social interaction  Socializing and contributing with project members 

 Receiving on time and suitable response 

 Correct and meaningful message sending 

 Finding the mentors and experts for help 

Documentation 

Problems 
 Outdated and old documentations 

 Information overload 

 General and not clear documentations 

 Not enough and precise code comments 

Newcomers 

previous 

knowledge 

 Lack of process and practices knowledge 

 Not enough technical background 

 Lack of domain and contextual experience 

Finding a way to 

start 
 Finding a suitable task for starting 

 Finding the suitable source codes and artifacts to do a task 

Code issues  How to deal with complexity in codes 

 Understanding the project architectures and modules 

 Set up a local workspace 

 

Some tools, such as Hipikat, helps newcomers find the related documents and information in OSS 

projects (Cubranic et al. 2005). Newcomers’ on-boarding process is facilitated by recommending tasks 

and mentors (Canfora et al. 2012; Steinmacher et al. 2012) to newcomers using mining software 

repositories techniques. Chatbots support newcomers in their initial contribution to the OSS community 

(Dominic et al. 2020).  Providing joining scripts, finding a suitable task, and removing contribution 

barriers are listed as important items for joining newcomers in OSS (Steinmacher et al. 2015; Von 

Krogh et al. 2003). Socialization practices with peers and experts playing an important role in 

newcomers’ adaption and on-boarding process (Carillo et al. 2017). Developing social identity and 

learning project norms and policies facilitate newcomers’ engagement in OSS projects (Ducheneaut 

2005). This thesis is designed to help newcomers to be successful in their initial collaboration with OSS 

projects. We mine newcomers’ socio-technical activities to provide a successful pathway for 

newcomers. On the other hand, we investigate the newcomers’ supportive strategies in the OSS 

community.    
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2.4. Mining Software Repositories and Recommender Systems in Software 

Engineering 

We now summarize the research in MSR and RSSEs MSR techniques, such as source code analysis, 

developers’ communication, and project historical data analysis are often used in RSSE projects (Anvik 

et al. 2006; Yu et al. 2016). GitHub is a social coding platform and has been mined to explore OSS 

developers, projects, and their relationships in various studies (Dabbish et al. 2012; Singer et al. 2013; 

Vasilescu et al. 2013). For example, a few studies have applied MSR techniques on GitHub data to 

analyse the quality of OSS projects (Jarczyk et al. 2014), and others have mixed MSR techniques with 

social network analysis to explore developers’ relationships with other developers and projects and find 

influential projects and developers (Thung et al. 2013). It is crucial to know influential developers 

because it has been shown that popular users/developers help to attract other developers to a new project 

(Blincoe et al. 2016).  

Recommender systems in software engineering (RSSE) is a rich literature (Robillard et al. 2014), but a 

significant focus has been on software development related issues, such as, Bug triaging, finding experts 

(Anvik et al. 2006; Anvik and Murphy 2011; Badashian et al. 2015; Naguib et al. 2013; Shokripour et 

al. 2013), source code suggestion (Holmes and Murphy 2005), design pattern recommendation (Palma 

et al. 2012), tracking updates (Zimmermann et al. 2005) and requirement management (Maalej and 

Thurimella 2009). Using GitHub data, a few studies have developed recommender systems for 

recommending pull request reviewers (Yu et al. 2016), following (Schall 2014), and experts (Allaho 

and Lee 2014). A few studies have considered a change in developers’ skills, knowledge, and interests 

for expert recommendation (Robbes and Röthlisberger 2013; Yu et al. 2016). Project recommendation 

is critical for developers’ volunteer contribution and sustainability of OSS projects and communities 

(Jiang et al. 2016). This research aims to fill this gap. Considering the changing structure and focus of 

the projects and changes in developers’ skills and interests, we aim to develop a recommender system 

to match developers and projects. 

 

2.5. Conclusion 

This chapter reviewed the OSS literature to elaborate on the position of this thesis in OSS literature. By 

reviewing OSS success factors, we have found a set of valuable theoretical and analytical approaches 

that can be applied in our study and any future studies in this domain. Also, this OSS success literature 

review shows which subjects are studied comprehensively and where future studies should focus. 

Several metrics and measures are reviewed.  
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We have also reviewed the literature on OSS project selection. This review process shows that OSS 

literature is enriched in understanding developer’s motivation. Also, developers’ turnover reasons are 

studied appropriately. However, there are limited studies on how developers choose OSS projects and 

which socio-technical aspects are essential for developers with different backgrounds.  

In addition, we have reviewed newcomers’ role in OSS literature. OSS literature has shown the 

newcomers’ importance. There is an adequate set of studies on newcomers’ barriers to the OSS project. 

However, less is known about how the successful newcomers perform and decide in the OSS 

community. On the other hand, there is a need to understand what type of on-boarding strategies can 

help OSS projects and newcomers to perform successfully.  
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Chapter 3: Social Network Analysis of Open Source Projects 

Paper 1: Longitudinal Analysis of the Effect of Different Social Network Structures on Open 

Source Projects Popularity 

Abstract 

Open source software phenomenon is getting popular over time. However, the open source market is 

very competitive and among millions of OSS artefacts, only a few ones are getting successful. This 

paper is investigating the antecedents of open source project popularity in a social coding platform. We 

have investigated the effect of the social structure of open source project in the popularity of project 

among community members. GitHub data is used to construct two different social networks for each 

project. The affiliation network represents the developers’ inter-relationship and the developers’ 

following network reveals intra-relationship of project developers. We have applied social network 

theory to define the embeddedness and cohesion of the project’s contributors. These network changes 

are observed over three years to build a longitudinal dataset. Results reveal that these networks are 

evolving differently and affecting OSS project popularity in different ways. Results can help OSS 

project leaders manage the project correctly and confirm the role of OSS developers’ interaction on the 

project’s success. 

Keywords: Social Coding, Social Network Theory, Open Source Software, Popularity, Following 

Network 

 

3.1. Introduction 

The growth and success of Open Source Software (OSS) product has attracted scholars to investigate 

this phenomenon with different perspectives and theories over the last few decades. Open source 

community and artefacts are evolving and growing rapidly, and new generations of open source 

development are emerging (Fitzgerald 2006). Researchers have studied drivers of success of open 

source projects including license type, sponsorship, project maturity, level of activities, codebase size, 

team size and team embeddedness (Grewal et al. 2006; Stewart et al. 2006; Subramaniam et al. 2009). 

OSS literature defined popularity as a success indicator, especially for the project are not funded by 

well-known enterprises (Crowston et al. 2012; Stewart and Ammeter 2002). Project success is a useful 

metric for project performance in general (Aksulu and Wade 2010). Generally in OSS literature, project 

success is a wider construct, the OSS project popularity is defined as the acceptance level of the OSS 

project among developers and end-users (Bissyandé et al. 2013; Cheruy et al. 2017; Stewart et al. 2006). 

In addition, different project attributes are measured as a proxy for the popularity and success of a 

project. End-users interest, code changes, bug resolved and code quality are widely used in OSS 
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literature as success measures (Cheruy et al. 2017; Ghapanchi et al. 2011). However, with the 

emergence of social coding platforms such as GitHub, OSS contributors’ the collaboration and 

communication patterns are becoming transparent to OSS community (Dabbish et al. 2012). Social 

coding platforms enhance the general OSS development repositories with social networking features 

(Moqri et al. 2018). The new features of social coding platforms enable researchers to evaluate the 

popularity of open source project with the new metrics such as the number of project watchers (Borges 

et al. 2016; Zerouali et al. 2019). Analysing these newly added features to social coding platform helps 

scholars to investigate OSS phenomena with a broader level of socio-technical transparency (Dabbish 

et al. 2012). Having more watchers indicates the more interest of community members to follow the 

focal project’s events (Sheoran et al. 2014). It performs similar to the liking or following a brand in 

general social media (Badashian and Stroulia 2016).  

To investigate the success of OSS projects, various theories and techniques are applied. Information 

system success theory and social network theory (graph theory) are widely used to determine the 

antecedent of project success. The volunteer-based nature of OSS development makes it different from 

a commercial project. This different nature of OSS causes variation in the application of information 

system success theory in OSS discipline (Crowston et al. 2006). Social network theory investigates the 

OSS project success through the structure and embeddedness of social ties among developers and 

projects (Grewal et al. 2006; Singh et al. 2011). Affiliation Network (Co-membership) is the most 

common type of network used in OSS literature (Peng 2019; Wu and Goh 2009). Different network-

related measures are used to investigate the tie formation status effect on OSS project success (Grewal 

et al. 2006; Singh 2010; Wu and Goh 2009). This study also has drawn on top of social network theory, 

however, in this study, we have constructed the social network based on the “Following” event in a 

social coding platform in addition to general affiliation network. We have considered the following 

network to show the more realistic way of developers’ interests in each other work as it reflects the 

social interaction in GitHub (Moqri et al. 2018). Developers follow each other to get the latest updates, 

find new opportunities and promote their social status (Blincoe et al. 2016). However, working on the 

same project does not mean the developers’ real interest on each other work as they can work on 

different modules and different timeframes. We believe that the unidirectional “following” event in 

social coding can elaborate more about developers’ social interaction inside a project by its nature. 

Researchers have used the following network to recommend developers to follow new peers (Schall 

2014). Also, the social coding platform’s followers network is analysed to find out collaboration 

patterns (Wu et al. 2014). This study aimed to provide a more realistic perspective on developers’ 

interactions by investigating the following network.  We have compared the antecedents of these two 

types of a network on the popularity of OSS projects among community members. The comparison of 

these two networks reveal the difference between developers internal and external communication. 

Following reflects the internal collaboration and friendship among project team members, while joint 
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projects depicts developer contribution on other projects.  Also, as the OSS project is a dynamic 

ecosystem and developers’ network structure is changing over time, we have argued that network 

dynamics in these two networks affect the popularity of a project across the OSS community. Changes 

in network structure over time reveal the trend of OSS project (Wu and Goh 2009). Then the main 

research questions of this study are “RQ1: How the developer network dynamics over time affect the 

popularity of OSS projects across the community?” and “RQ2: How the affiliation network and the 

following network differently affect OSS project popularity among community members over time?” 

The answers to these questions will provide more understanding of developers’ interaction types on 

OSS projects’ popularity among the community members. The outcome can provide insight to project 

leaders and OSS community members. 

To empirically answer the research questions, we have collected a longitudinal dataset (Singer et al. 

2003) of OSS projects and contributors for 3 years. We have constructed two different networks of 

developers’ interactions. First, following the literature, we have used the undirected network of co-

membership. In this network, we have created a tie between two developers while contributing to other 

common projects rather than the focal one. This network type mostly shows developers’ external 

connection and how they can expand the boundaries of a project. Second, based on the social 

networking feature of GitHub, we build a network for each project based on the “following” event. In 

this case, there is a directed tie between developer “A” and “B” of a focal project, if developer “A” 

follows Developer “B”. This following network demonstrates internal communication pattern of a 

project. Internal and external OSS project popularity measures are reviewed in (Cheruy et al. 2017). 

The unit of analysis for this study is the OSS project. 

Drawing on social network theory, we have used the concept of centrality to evaluate the network 

structure (Grewal et al. 2006; Wu and Goh 2009). Centrality measures in network-level represent the 

node importance and influence balance in the entire network. In this study, we have considered degree 

centrality, which refers to direct ties with other developers. The betweenness centrality which evaluates 

the differences in brokerage power of developers in a network. Also, closeness centrality reveals the 

variation in nodes distances from each other. Eigenvector centrality depicts how nodes relate to key and 

core developers. In addition to the centrality measures, we have applied density as another network 

metric representing the embeddedness of a project’s developers. These measurements are calculated for 

both network structures over time. We have modelled the effect of centrality values on the popularity 

of OSS projects.  

OSS success factors are generally divided into two main groups. The first category is internal success 

factors such as coding activities, project status, developers’ skills, software quality and OSS norms and 

values (Grewal et al. 2006; Subramaniam et al. 2009). On the other hand, external factors are mostly 

related to customer support and end-user satisfaction (Midha and Palvia 2012; Stewart et al. 2006). We 
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have argued about the existence of another layer of potential contributors’ interest in a project. This 

category of developers is not officially a project member, but they act as part of OSS community. We 

extend the literature of popularity by measuring potential contributors’ interest in a project as a layer 

between project members and end-users. 

In this paper, we have applied new popularity metrics (Zerouali et al. 2019). These popularity metrics 

show a different level of interest for OSS community members in a project. We have used “watching” 

event to show the general interest of OSS contributors in a project. The watcher will get the latest 

updates and information about the project by watching a project (Peng 2019). Watching is equivalent 

to liking or following a page in general social networks such as Facebook. We have also used a number 

of forks as a measure for the developer to have a copy of the project’s code base for further changes 

and modifications. The forked copy changes may be aligned with the main project or in another new 

direction (Rastogi and Nagappan 2016). This feature can show the popularity of project across 

community member for technical contribution. Another feature used for this study is Pull Request, 

which can reveal the OSS contributors’ interests to pull back their contribution to the main project. Pull 

requests reflects the community interests to promote and contribute to the focal project. With these three 

measures, we will have a good understanding of project popularity among developers. 

This paper is structured as follows. The related literature is reviewed in the next section. The research 

model and the main research hypotheses are presented later. Data collection and sampling techniques 

are discussed subsequently. Exploratory data analysis of the collected data is applied before panel data 

analysis and discussion. Finally, the study is concluded, and possible future studies are discussed. 

 

3.2. Related Work 

High range of online open source product attracts scholars and practitioners to analyse project 

performance. Open source project performance can be evaluated through the success and popularity 

metrics (Aksulu and Wade 2010). A substantial subset of Open source literature has emerged around 

the open source success factors (Ghapanchi 2015; Ghapanchi et al. 2011). Different measurement 

factors are used with a various theoretical framework to investigate the OSS success antecedents 

(Cheruy et al. 2017; Ghapanchi et al. 2011; Jansen 2014; Mens et al. 2017). However, by the emergence 

of social coding platforms, new metrics are presented for popularity and success analysis across the 

OSS community (Jarczyk et al. 2014; Mens et al. 2017; Zerouali et al. 2019). Most of the success 

measures have relied on technical contribution inside the project or end-users interests (Grewal et al. 

2006; Midha and Palvia 2012; Subramaniam et al. 2009). However, we have argued on a source of 

success among OSS community members who could contribute to a project as outsiders. This study 

contributes to new streams of popularity measures in social coding by constructing community 
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members’ interests in a project with three new measures. We have measured popularity with different 

levels of granularity.  

Few theories are widely used in OSS success analysis. Information systems success (DeLone and 

McLean 1992) is one of the major theories used in OSS project success analytics. However, OSS 

literature argued about this theory’s on OSS analysis (Crowston et al. 2006) OSS projects are naturally 

different from the commercial artefacts as they are dominated with volunteers’ contribution. Combining 

process theory on top of IS success theory is illustrated as a solution (Crowston et al. 2006). Researchers 

have applied other theories such as Coordination theory, the theory of competency rallying (Crowston 

and Scozzi 2002; Ghapanchi and Aurum 2012), cue utilization theory (Midha and Palvia 2012), 

organizational theory (Temizkan and Kumar 2015), social capital (Hinds and Lee 2008), and social 

network theory (Grewal et al. 2006; Wu and Goh 2009) to study OSS project success. The current study 

applies social network theory as a holistic view of an OSS project. This study investigates the effect of 

social network evolution on OSS project popularity over time.  

Social network theory defines the OSS community through different nodes and ties among developer 

and projects (Grewal et al. 2006; Singh et al. 2011). Social network analysis interprets a different aspect 

of communication patterns through a graph structure analysis. Social network theory provides a whole 

picture of relationship embeddedness and mostly focuses on the community rather than individual 

attributes (Grewal et al. 2006; Singh et al. 2011). In the open source literature, social network theory is 

generally applied on affiliation (co-membership) network (Grewal et al. 2006; Singh et al. 2011). Social 

network theory is used in OSS literature to see the effect of affiliation network on the project success 

in terms of code commitment (Singh 2010; Singh et al. 2011), task completion (Chou and He 2011), 

and success among end-users (Grewal et al. 2006). Social ties among developers and projects in 

affiliation network affect the project selection (Hahn et al. 2008) and higher success rate in OSS 

community (Peng et al. 2013). Only a few studies have used other network types. Code dependencies 

are used to understand core-periphery patterns in OSS projects’ success (Amrit and Van Hillegersberg 

2010). Watching events is used to investigate co-watching network effect on coding activities in GitHub 

(Peng 2019). The pull request submission and review process is used to construct a social network of 

OSS developers in GitHub, which confirms the effect of pull-based network cohesion on pull request 

evaluation (El Mezouar et al. 2019). The affiliation network is bidirectional; however, the social coding 

environment has new features such as the following which represent unidirectional ties. The issue with 

the reliance on affiliation network only raised once the other channel of developers interactions are 

ignored (Peng 2019). Also, co-membership in a project cannot be interpreted as a direct social 

interaction among developers. As the structure these networks are different, we have investigated the 

following network effect on open source project success. Also, we have compared following network 

with affiliation network antecedents on OSS project popularity. Different network comparison has been 

already done in OSS literature (Peng 2019; Temizkan and Kumar 2015). 
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OSS-related studies illustrated the effect of various license choices on OSS projects’ commercial and 

technical success (Stewart et al. 2006; Subramaniam et al. 2009). Literature reveals that project 

contributors and developers prefer strong copy-left project, while end-users prefer to use project with 

permissive licenses as they can easily distribute and modify them (Stewart et al. 2006). Along with 

literature, we have categorized projects with several license types. We test the effect of license choices 

on OSS projects popularity among community members. Furthermore, literature has shown the 

importance of project team size on the OSS success (Comino et al. 2007). We have also tested the effect 

of project size changes over time on three popularity metrics across the community.  

 

3.3. Theoretical Background 

Transparent communications in social media support users, third parties and decision-makers with the 

knowledge about users’ interactions and organizational structures of online communities (Dabbish et 

al. 2012; Leonardi 2014; Leonardi 2015).  Social coding environments such as GitHub makes 

developers communications, interactions and development activities transparent to the OSS community 

members (Dabbish et al. 2012; Tsay et al. 2014) The communication visibility theory (CVT) (Leonardi 

2014; Yang et al. 2019)indicates that social networking platforms increase knowledge around online 

communities and organization. This knowledge is about message transparency and network 

translucence (Leonardi 2015).  Message transparency provides details about who knows what and users’ 

expertise, while network translucence is about who knows whom(Leonardi 2015). Observers are 

gaining this information by investigating users’ social connections and communications. In social 

coding platforms such as GitHub, potential contributors and community members can track developers’ 

internal and external collaboration. This layer of visibility can affect their interest in a project. 

According to signalling theory (Spence 1978), potential developers are receiving this transparent signals 

from projects and use it to assess and evaluate projects among many others (Blincoe et al. 2016; 

Connelly et al. 2011; Tsay et al. 2014). In the context of signalling theory, signaller sends signals to the 

receiver to reduce the information asymmetry. The signaller can send signals deliberately, or they may 

be unaware of sent signals. The structure of network ties sends a signal to potential contributors. 

Signalling theory has already been used in OSS literature to understand how the quality of code send 

signals to expert developers to continue their collaboration (Ho and Rai 2017). Also, the OSS 

community activities send signals to potential adaptors about the project quality (Setia et al. 2020). 

Also, developers who are motivated by reputation in the community use their expertise to send signals 

to potential recruiters (Roberts et al. 2006). In the OSS literature signalling theory is employed to show  

how diversity and inclusion in OSS projects signals OSS developers to join a project (Link and 

Germonprez 2018; Link 2019). 
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 3.4. Research Model 

Open source projects’ success and popularity are studied with different perspectives (Aksulu and Wade 

2010; Ghapanchi 2015). Popularity is generally tested through the page views, download count and 

subscribers (Cheruy et al. 2017; Stewart et al. 2006; Wu and Goh 2009). However, by introducing social 

networking features in OSS developments, the popularity of a project among the community members 

can be investigated with other attributes such as watching (Dabbish et al. 2012; Jarczyk et al. 2014). In 

GitHub, watching event shows a member’s interest in a project to get the latest information about the 

project changes (Borges et al. 2018; Sheoran et al. 2014). Besides, open source contributors can 

technically show their higher level of interest with forking or submitting a pull request in a project. We 

can consider these two factors as a proxy for a focal project’s technical popularity among community 

members. When a developer finds a potential interest in a project, she may fork a project. Hence more 

forks introduce the OSS popularity among potential contributors (Sheoran et al. 2014; Zerouali et al. 

2019). Once a developer modifies the code-base and is eager to submit her changes to the main project 

she will create a pull request. The pull request will be reviewed, then it may get accepted or asked to be 

revised (Rahman and Roy 2014; Sheoran et al. 2014; Tsay et al. 2014). The number of pull requests in 

a project is a factor of the OSS project among potential developers in social coding environment 

(Zerouali et al. 2019).  In this study, we have measured these popularity metrics, and we want to figure 

out the antecedents of popularity by applying social network theory. The research model of this study 

is presented in figure 3.1. The research model depicts the effect of developer’s network structure on the 

project popularity. Each network reflects a different aspect of a project. The affiliation network reveals 

the inter-relationship of developers across the social coding platform. In contrast, the following network 

depicts the intra-relationship among developers inside a project. 
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Figure 3.1. Research Model 

The main constructs introduced in research models are following network (internal embeddedness, 

internal power equality), affiliation network (external embeddedness, external power equality), and 

project popularity. In this study, popularity is defined as the interest level of OSS community members 

in the project. Although the popularity concept is studied in the literature (Cheruy et al. 2017; Ghapanchi 

2015; Wu and Goh 2009), the main focus of literature was on end-users interest or project members and 

the middle tier who are the community members and considered as potential contributors are not studied 

well (Carillo et al. 2017). We mainly focused on project popularity among potential contributors. In this 

study, popularity is also investigated in the community level. In the represented research model, we use 

the project profile as controls. 

The popularity construct is studied in three different levels of community members’ interests as a proxy 

for project popularity across the community (Zerouali et al. 2019). They are ranging from watching a 

project to get the updates to fork a project for possible modification and submitting pull-requests to 

contribute to a project as a non-member developer. These three measures of popularity are showing 

different levels of OSS community members’ interests in a project. We have categorized forks and pull 

requests as potential contributors’ interest and watching as a community interest popularity factor. 

Watching is a generic form of showing interest and submitting a pull request is the most specific way 

of interest demonstration in a social coding environment. Compared to the literature, these measures 

illustrate the popularity among community members, while OSS literature measured popularity with 

the page-view, downloads (end-user level) and new members who joined (project level) (Subramaniam 

et al. 2009). In another word, this study defines a new middle tier to measure popularity across the 

community between project members and end-users. While the OSS literature is mainly focused on 
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end-users and project members interests in a project, this project focused on potential developers (not 

active project members) interest in a project.  

The Affiliation network represents the contribution to other common projects outside of the projects. 

This construct defines how the project member in a focal project are connected to each other by 

considering their co-membership in other projects. This network type is the most studied structure in 

OSS literature (Grewal et al. 2006; Singh 2010). Generally, the affiliation network is used in literature 

to define the social interaction among OSS developers by constructing a network of developer tied to 

each other with their common projects. The affiliation network is a proxy for external cohesion of 

project developers (Singh et al. 2011) However, by applying social network theory, we are considering 

its structural and embeddedness effect on OSS project popularity inside the community. In the OSS 

development process, developers are generally volunteers, and they can freely participate as much as 

they want in different projects. Over time, more cohesive and embedded affiliation network structure 

reveals that developers are joining other projects together (Singh et al. 2011), affecting their level 

contribution and attention to the focal project.  

The following network demonstrates the personal interest and social connection of OSS developer inside 

a project. A tie is shaped once a developer follow another one. We have considered the following 

relation inside a project as a factor of internal cohesiveness of a project. Ignoring the following network 

may lead to losing the direct social interaction among developers. Compared to the affiliation network, 

the following network unidirectional. Over time, increasing, the number of following ties in a project 

shows more friendly and respectful environment (Singh et al. 2011). Following network is used to 

design developer/expert recommender systems in GitHub (Mo et al. 2015; Schall 2014). Influential 

developers are ranked by applying social network ranking mechanisms on developers following 

network in GitHub (Bana and Arora 2018). In GitHub mining literature these types of networks 

(affiliation and following) are studied together (Mo et al. 2015). Same type of studies are also applied 

on user-follower networks in general social networks such as Twitter (Aggarwal and Kumaraguru 2015; 

Martha et al. 2013).  

Social coding platform interactions are transparent to everyone, and developers interaction inside a 

project are used to evaluate a project by community members (Dabbish et al. 2012). The direct effect 

of internal cohesiveness on OSS projects’ popularity inside a community is emphasized in this research 

model. To evaluate a project, community members are seeking the project static and dynamic profile. 

Project profile is used as a control in this study to represent the project characteristics, affecting 

community members’ evaluation of a focal project. 

Although most of the social network theory applications in OSS literature focused on affiliation 

network, we have argued other network structure such as the following network can show different 

relation to OSS popularity as they are naturally different. The following network is a directed network 
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representing the internal communication of developers, while the affiliation network is undirected, 

which shows the relationship of developers across other projects. Then these two networks are 

conceptually and naturally different and reveal different aspects of an OSS project. The internal and 

external social networks of developers’ feature request and bug resolution activities evolved differently 

over time in artefact development (Temizkan and Kumar 2015). The internal cohesion of a project leads 

to higher performance, and external cohesion diminish the performance. Also, watching and affiliation 

networks are correlated with the project coding activities but with different impact size (Peng 2019). 

Furthermore, developers are joining project based on their motivations (Krishnamurthy et al. 2014; Von 

Krogh et al. 2012), project team members (Hahn et al. 2008) and project characteristics (van Osch et 

al. 2011). However, developers follow each other based on social reputation and personal interests, such 

as getting the latest updates (Blincoe et al. 2016). In addition, the affiliation network can show the 

common interest in project level, and the following can show the interest in a personal level (Blincoe 

et al. 2016; Dabbish et al. 2012). Based on these networks’ different nature, we have argued that the 

affiliation network and the following network evolve in different manners over time. 

H1. Effect of affiliation networks social embedded and cohesion evolution over time on the OSS project 

popularity are different from the following network in a social coding platform.  

Based on online and geographically distributed nature of the OSS community, developers lack the face 

to face communication. Most of the interactions are happening inside a community through the platform 

features. The internal cohesion of OSS developers facilitates the information flow in a team  (Temizkan 

and Kumar 2015). Developers follow each other to socialize, learn new concepts, getting the latest 

updates, and finding new technologies and trends (Blincoe et al. 2016). In an internally cohesive 

network information is easily flown through different paths leading to a higher level of trustworthy and 

robustness in knowledge sharing (Schilling and Phelps 2007). Knowledge sharing and diffusion 

improve the accuracy of task coordination (Espinosa et al. 2007). Internally cohesive projects are more 

flexible to changes as the team is aware of norms and changes in a fast pace (Wu and Goh 2009). 

External resources are the source of innovation to a project, while developers working in other projects 

may learn new subjects and the focal project may benefit from it. A cohesive affiliation network shows 

that the most developers have common working projects together which diminish novelty and 

innovation in a community (Temizkan and Kumar 2015). Redundant information is another issue raised 

in a high cohesiveness of the external OSS network (Singh et al. 2011). Density represents how team 

members are tied to each other. A higher value for density shows the more developers are connected to 

the other ones. A denser affiliation network shows developers inside a project have more common 

projects, leading to less effort for the focal project. The increasing trend of affiliation network density 

can be interpreted as the project contributors are attracted to other projects and lost their interest in the 

focal project (Daniel and Stewart 2016). On the other side, denser following network shows a more 
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friendly community which may lead to higher socialization and commitment level among developers 

(Temizkan and Kumar 2015). Then we have raised the following hypotheses. 

H2a. Considering the affiliation network, a more cohesive (denser) project has a negative relationship 

on OSS projects’ popularity over time. 

H2b. Considering the following network, a more cohesive (denser) project has a positive relationship 

to OSS Projects’ popularity over time. 

High dependency on one or a few developers in an OSS projects leads to a high degree of centrality in 

its social network (Wu and Goh 2009). This situation may affect the survival of a project in losing these 

core members (Wu and Goh 2009). Degree centrality of project developers shows how the direct power 

for information diffusion among developers is distributed across a project. This value is presented as a 

percentage, and higher means that some nodes are more powerful than the other ones. The progressive 

evolution of nodes’ power in a developers’ network is not a good signal for outsiders as a sign of a non-

balanced community (Singh 2010). Same growth in betweenness centrality value in a network over 

time send a signal to the community that the specific nodes are coordinating and brokering information 

in a project. Closeness centrality also measures the distances among nodes; a higher value shows 

unequally distributed information propagation speed in a network. Eigenvector centrality reveals the 

effect of connection with important nodes. Inequality of connection with important nodes send signals 

to the community members that project members are evaluating other one’s activities. Inequality in the 

affiliation network is a signal of the unbalanced contribution of developers. In contrast, inequality in 

the following network means unbalanced knowledge flow and unequal power distribution in the focal 

project.   

H3. Growth of network inequality level in OSS projects negatively correlated with open source project 

popularity among community members over time.  

Having more members in a project provides more resources for development and maintenance (Wang 

et al. 2012). A sufficient number of developers is essential for software development process (Mockus 

and Herbsleb 2002). With a larger set of OSS developers, it would be easier for project coordinators to 

triage bugs and tasks. A larger team size can also promote the software in community as more 

developers can inform more users about the product (Bonaccorsi and Rossi 2003). Then attracting more 

developers is correlated with the project success in terms of product development and end-users 

interests (Ghapanchi 2015; Subramaniam et al. 2009). Also, having a large developer base and attracting 

more over time is a sign of sustainable development in OSS (Chengalur-Smith et al. 2010). In addition 

to the literature, we have hypothesised about the member size of a project and its popularity inside the 

developers’ community. Attracting more members over time sends signals to the community about the 

growth and openness of a project, leading to a higher level of popularity. 
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Selecting the license for an OSS project can impact its popularity across end-users and its development 

success (Stewart et al. 2006). OSS project users are mostly interested in permissive licenses as they 

have lower perceived legal risks (Stewart et al. 2006) and the code modification and distribution are not 

restricted (Subramaniam et al. 2009). License choice affects the progress of OSS projects in terms of 

releases (Comino et al. 2007). Choosing an OSS Licenses may affect the firm’s decision is supporting 

a project (Capra et al. 2011). Also, community members consider the license type of a project to assess 

the mind-set of project owners and leaders. Permissive licenses sound more attractive for community 

members as they can easily apply their modifications and distribute and use source code. In contrast,  

project members prefer strong copy-left license choice as it supports their intellectual property rights 

(Stewart et al. 2006; Subramaniam et al. 2009). 

 

3.5. Data Collection and Pre-Processing 

We have collected a sample of longitudinal data of OSS projects hosted on GitHub. GitHub is the largest 

public OSS repository with more than 200 million projects and 65 million registered users. GitHub 

supports Git as decentralized CVS. It also provides issue tracking, continuous delivery and social 

networking features. GitHub data is publicly available through a REST API, facilitating data collection 

and remote processing of OSS projects through this platform. With more than 200 million projects and 

their related historical data, GitHub is a great resource for analysing OSS community and projects. 

GHTorrent (Gousios 2013) has prepared timely archives of GitHub activities in a relational data format. 

We have used GhTorrent 2016 MySQL data dump for this study which contains all public projects and 

developers’ information since 2008.  

To shape data as a panel dataset for this study’s purpose, we have designed a software artefact that 

retrieves data from two main sources including GitHub REST API and GHTorrent. As GhTorrent does 

not provide data about project license types and few other attributes, we need to invoke it directly from 

API. As many of GitHub projects are personal, mirrored, and inactive projects (Kalliamvakou et al. 

2014), we have applied several criteria for project retrieval. We have collected projects with at least 

five members (Nielek et al. 2016; Wu and Goh 2009). All of the forked and deleted projected are 

removed. The project should have coding activities in their lifespan. The project should also be 

developed in one of the major programming languages (Bayati and Peiris 2018). Also, GitHub and 

StackOverflow statistics has listed   Java, JavaScript, C++, C#, Python and PHP as the major 

programming languages for the period of the data collection. To control the project’s maturity, we have 

selected our sample from all the projects funded and created during the first quarter of 2013. We have 

quantified all the seasonal activities for a period of 3 years which is equivalent to 12 quarters. We have 

used seasonal data as the average time for GitHub projects’ minor releases is close to 90 days 

(Yamashita et al. 2016). Our balanced panel dataset contains 272 projects and 3264 records of data (12 
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X 272). Table 3.1 represents the summary statistics of the sample data set. As we are using longitudinal 

data, we have summarized statistic based on within-subject, between-subject and overall values. 

Within-subject statistics demonstrate aggregated values for each project over time. The between-subject 

values aggregate measurements across projects. 

Table 3.1. Summary Statistics 

Variable Definition Variation Mean St. Dev Min Max 

Watchers Number of 

watchers 

Overall 39.77 201.03 0 3500 

 Between  10.86 19.12 58.66 

 Within  194.1 0 2132.83 

Forks Number of 

forks 

Overall 14.31 62.07 0 884 

 Between  9.26 1.18 26.62 

 Within  50.14 0 414.83 

PullReqs Number of 

Pull 

Requests 

Overall 113.14 698.23 0 17030 

 Between  78.88 11.44 240.55 

 Within  523.57 0 6239.25 

Members Number of 

members 

Overall 11.61 10.72 1 98 

 Between  0.46 10.34 11.94 

 Within  10.71 1.83 95.25 

 

3.6. Measurements 

This empirical study is dependent on the secondary longitudinal data collected from GitHub projects 

(Singer et al. 2003). In this section, we have described the variables used in this study. 

3.6.1. Dependent variables 

In this study, we are focusing on project popularity inside the community. Although many measures 

such as commit level, bug fixed, subscribers and download rates are widely used in OSS literature 

(Grewal et al. 2006; Midha and Palvia 2012; Stewart et al. 2006; Wu and Goh 2009), we have used 

three different project popularity measures in different levels. The number of watchers used as a proxy 

for community members’ interest in a project. This popularity metric has been already studied in GitHub 

(Borges et al. 2016; Jarczyk et al. 2014; Zerouali et al. 2019). The watchers reveal the general popularity 
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of a project. We have operationalized potential contributors’ interest in the project source code for 

further modifications with the number of forks (Sheoran et al. 2014; Zerouali et al. 2019). We have also 

used Pull Requests as another measure of potential contributors’ interest to send their contribution back 

to the original project to improve the project quality (Rahman and Roy 2014; Zerouali et al. 2019). 

3.6.2. Independent variables 

We have constructed two different networks of developers and team members for each project. We have 

considered the evolution of these networks over time. We have measured the closeness, betweenness, 

eigenvector, and degree centralities by the using iGraph package in R (Csardi and Nepusz 2006) for 

each of these networks. Also, we have measured graph density for both network types. Drawing on 

social network theory, each of these measures represents specific characteristics of a project 

(Mallapragada et al. 2012; Mbaru and Barnes 2017). In addition, following the OSS success literature, 

we have used the license type (Stewart et al. 2006) based on the restriction modes and project size 

regarding team members (Subramaniam et al. 2009). The list of variables used in this study is described 

in table 3.2. 

Table 3.2. Variables Description 

Variable Description 

Forksit Number of times the focal project is forked at time t 

Watchersit Number of community members who watched the focal project at time t 

PullReqsit Number of pull requests submitted to the focal project at time t 

Membersit Number of project core members at time t 

LTi Project License Type 

DensFolit The density of Following network in the focal project at time t 

DensAffit The density of affiliation network in the focal project at time t 

ColCenFolit Closeness Centrality of Following network in the focal project at time t 

ColCenAffit Closeness Centrality of affiliation network in the focal project at time t 

BetCenFolit Betweenness Centrality of Following network in the focal project at time t 

BetCenAffit Betweenness Centrality of affiliation network in the focal project at time t 

EgnCenFolit Eigenvector Centrality of Following network in the focal project at time t 
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EgnCenAffit Eigenvector Centrality of affiliation network in the focal project at time t 

DegCenFolit Degree Centrality of Following network in the focal project at time t 

DegCenAffit Degree Centrality of affiliation network in the focal project at time t 

 

3.7. Exploratory Data Analysis 

Exploratory data analysis can lead to a better understanding of the nature of data. For this study, we 

have explored our sample panel data through statistical models and visualization techniques. We have 

presented the outcome of correlation analysis in table 3.3. This study uses a longitudinal dataset and 

general correlation approaches may be affected with the auto-correlated values over time. As suggested 

in (Gelman and Hill 2007) we have presented the between-subject correlation matrix. 

Comparing correlation values for the following and the affiliation network factors for both centrality 

and density measure reveals the low correlation among these two networks. This finding elaborates why 

these two networks are representing different aspects of OSS community and why these networks must 

be studied separately.  

Table 3.3. Correlation matrix among projects (Between-Subject) 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1.Forks 1              

2.Watchers 0.80 1             

3.PullReqs 0.64 0.21 1            

4.Members 0.01 -0.01 0.03 1           

5.DensFol 0.13 0.24 -0.01 -0.26 1          

6.DensAff -0.16 -0.12 -0.07 0.19 0.01 1         

7.CloCenFol -0.01 0.02 -0.01 -0.20 0.62 0.09 1        

8.CloCenAff 0.12 0.12 0.05 -0.18 0.13 -0.26 -0.01 1       

9.BetCenFol -0.01 0.01 -0.01 -0.07 0.69 0.09 0.58 0.01 1      

10.BetCenAff 0.12 0.20 -0.01 -0.10 0.14 -0.20 0.02 0.70 0.04 1     

11.EgnCenFol -0.02 -0.01 0.04 0.31 0.32 0.25 0.35 -0.09 0.34 -0.03 1    

12.EgnCenAff 0.26 0.22 0.13 -0.05 0.04 -0.54 -0.07 0.58 -0.07 0.45 -0.08 1   

13.DegCenFol -0.02 0.0 -0.00 -0.00 0.54 0.18 0.81 -0.06 0.48 -0.00 0.56 -0.12 1  

14.DegCenAff 0.24 0.20 0.16 -0.12 0.08 -0.45 -0.06 0.84 -0.04 0.66 -0.05 0.85 -0.09 1 
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Based on the correlation matrix analysis we can figure out a high correlation between watchers and 

forks as dependent variables that confirm the finding in (Jarczyk et al. 2014). Also, the overall number 

of pull requests among projects is correlated with forks. Across dependent variables, betweenness 

centralities for both networks are moderately correlated with closeness centrality. To check for the 

multi-collinearity issue, we have used VIF measure across all three popularity measures, and all values 

were <2.0, and will not affect panel data analysis. This pairwise correlation analysis can give us a good 

understanding of our dataset. Next, by applying visualization techniques, the trend and heterogeneity 

of three main popularity measures are represented over time. Figure 3.2 represents the mean value of 

popularity measures over time, and the blue vertical bars shows the variation in standard errors of mean 

values with 95% confidence. The trend of changes is different on these popularity metrics over time. 

Analysing the growth patterns shows the changes on watchers is fast in the beginning with average of 

20 watchers and remains steady for over two years and speed up to 65 for the last three seasons. Pull 

requests reveals a linear growth. Forks overall growth is flattened in the last year of observation.  

 

Figure 3.2. OSS projects popularity trend over time (watchers, pull requests, and forks) 

To understand the nature of changes in independent variables over time, we have visualized the 

heterogeneity across all the centrality measures in figure 3.3. There are more fluctuations in the 

affiliation network rather than the following network. The general trend is decreasing, which reveals 

the power balance in both networks are moved to equality. Betweenness centrality and closeness 

centrality are following a similar pattern for both networks. 
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Figure 3.3. Changes in OSS project network centrality measures (Betweenness, Eigenvector, 

Degree, and Closeness), (left: Affiliation, right: Following) 

The accumulative trend of members in OSS projects in our sampled panel data is visualized in figure 

3.4. We have also demonstrated the trend of network density changes over time in both affiliation and 

following network. The members’ trend over time shows rapid growth in the beginning and remains 

steady after the first year. It reveals that projects find their core members in the first year and then they 

hardly changed.  It can be argued there is a low chance to join project core members after its first initial 

year. The affiliation network density is decreasing over time; however, in the following network, by 

ignoring the small fluctuations over the second half, it remains fixed. These charts reveal by growing 

the project size, the developers’ external tie is reducing, however, the friendship and internal 

connectivity remains steady in general.  

  

Figure 3.4. Changes in OSS project members, affiliation network density, and following 

network density) 
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The project license type is the only categorical variable we have explored in this piece of research. In 

our panel data, we have three main types of licenses (Wheeler 2007): Permissive (MIT, BSD, and 

Apache), strongly protective such as GPL, and weakly protective like LGPL and Mozilla. Some of the 

licenses are used in the OSS projects are not general and widely used licenses across the OSS 

community categorized as others in this study. Some of the projects do not recruit any of these licenses, 

and we have categorized them as none. Then we have five categories for the license types in this study.  

We have visualized changes among projects with these licenses over time and results based on this 

study’s main popularity metric. We have presented this data six-monthly. 

 

Figure 3.5. Projects popularity changes over time, based on license type (Watchers, forks, and 

pull requests) 

As the box plots show permissive license type in the median is more widespread across different 

measures. This fact reveals the community members interest in the projects with low restrictions on 

modification and distribution. However, based on technical interest, the range of values are higher for 

forks and pull request in projects with non-general licenses. The community interest in protective 

licenses is lower, which is different from project team members’ interest (Stewart et al. 2006). The 

community also does not show interest in a project with no license choice. Also, it provides a vision of 
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our data set and problem. In the next section, we have discussed the confirmatory data analysis result 

through panel data analysis. 

Finally, we have presented changes in network structure over time for a JavaScript-based project named 

“Platform-Twitter-Bootstrap” in our dataset. These graphs are visualised in R using iGraph package 

(Csardi and Nepusz 2006). The size of a node illustrates the number inbound relations they have. The 

popularity metrics for this project over the first and last period are retrieved. For the first period, 5 

watchers, 1 fork and 0 pull requests. For the last period, 27 forks, 53 watchers and 28 pull requests. It 

can show a higher level of density and lower centrality in the affiliation network than the following 

network in this project.  In a period of three years. The project member increased and most of the project 

member get connected in externally. In contrast, hand the follow relation looks sparser  

 

Figure 3.6. Affiliation and Following Network changes over time for a GitHub project (left: first 

observation period, right: last observation period) 

 

3.8. Panel Data Analysis and Discussion 

This section depicts the results of panel data analysis (Singer et al. 2003). We have modelled our 

analysis based on Random-Effect econometrics model as the License Type (LT) variable is time-

invariant (Subramaniam et al. 2009) as we want to consider both time-variant and time-invariant factors 

in our model. Based on the normality check analysis, some of the variables are skewed, including all 

the dependent variables and the network-related metrics. Logarithmic transformation is suggested in 

(Gelman and Hill 2007) for data normalization in these cases. We have presented the coefficient 

estimates of three models analysis based on the R PLM package (Croissant and Millo 2008) in table 

Affiliation 

Following 
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3.4. Furthermore, we have discussed the significant findings and implications of this analysis for OSS 

researchers and practitioners.  

The following formula represents our random-effect model. Where Popi,t represents dependant variables 

which include Forks, Pull requests, and watchers. The β is the vector of coefficients for time-variant 

independent variables include centrality measures, density, and members. The λ is the vector of 

coefficient estimates for time-invariant variables and εi,t are overall residuals. 

 (3.1) 

 

Table 3.4. Panel Data Analysis Results 

 Forkst Pull Requestst Watcherst 

 Coef. 
(Std Err) 

P-Value 
Sig 

Coef. 
(Std Err) 

P-Value 
Sig 

Coef. (Std 
Err) 

P-Value Sig 

Intercept -0.066 
(0.206) 

0.746 
 

0.527 
(0.298) 

0.076 
* 

0.940 

(0.145) 

0.000 

*** 
Ln(DensAfft) -

0.204*** 
(0.021) 

0.000 

*** 

-0.273 
(0.030) 

0.000 

*** 

-0.109 
(0.011) 

0.000 

*** 

Ln(DensFolt) 0.166*** 
(0.063) 

0.008 
*** 

0.052 
(0.088) 

0.549 0.067 
(0.033) 

0.041 
** 

Ln(DegCenAfft) -0.040 
(0.070) 

0.559 -0.294 
(0.097) 

0.002 
*** 

-0.052 
(0.034) 

0.130 

Ln(DegCenFolt) -
0.193*** 
(0.049) 

0.000 

*** 

-0.193 
(0.069) 

0.005 
*** 

-0.087 
(0.025) 

0.000 

*** 

Ln(BetCenAfft) -0.074 
(0.028) 

0.008 
*** 

-0.118 
(0.039) 

0.002 
*** 

-0.037 
(0.014) 

0.007 
*** 

Ln(BetCenFolt) 0.022 
(0.034) 

0.524 0.022 
(0.048) 

0.641 -0.041 
(0.017) 

0.019 
** 

Ln(CloCenAfft) 0.038 
(0.067) 

0.575 0.371 
(0.094) 

0.000 

*** 

0.065 
(0.034) 

0.054 
* 

Ln(CloCenFolt) -0.053 
(0.049) 

0.279 -0.086 
(0.069) 

0.211 
 

-0.041 
0.025 

0.102 

Ln(EgnCenAfft) 0.028 
(0.029) 

0.338 
 

0.029 
(0.040) 

0.469 -0.003 
(0.014) 

0.784 

Ln(EgnCenFolt) -0.027 
(0.015) 

0.078 
* 

-0.007 
(0.021) 

0.738 
 

0.011 
(0.007) 

0.152 

LTPermissive 0.669 
(0.214) 

0.001 
*** 

1.537 
(0.323) 

0.000 

*** 

1.023 
(0.225) 

0.000 

*** 

LTStronglyProtective 0.351 
(0.335) 

0.294 
 

0.587 
(0.507) 

0.247 
 

0.435 
(0.352) 

0.216 

LTWeaklyProtective 0.052 
(0.437) 

0.903 
 

-0.050 
(0.661) 

0.938 
 

-0.316 
(0.459) 

0.490 
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LTOthers 0.801 
(0.216) 

0.000 

*** 

1.310 
(0.327) 

0.000 

*** 

0.970 
(0.227) 

0.000 

*** 

Ln(Memberst) 0.943 
(0.069) 

0.000 

*** 

0.954 
(0.099) 

0.000 

*** 

0.621 
(0.040) 

0.000 

*** 

Adj. R-Squared 0.116  0.091  0.149  

Idiosyncratic Share 0.280  0.539  0.067  

Individual Share 1.388  3.218  1.583  

AIC 5115.8  7172.5  511.83  

Signif. codes: 0.01 ‘***’ 0.05 ‘**’ 0.1 ‘*’ 

AIC: Akaike Information Criterion 

 

3.8.1. Social Network Related Findings 

The panel model reveals that there is a significant and negative correlation between the density of 

affiliation network and popularity measures. Also, regarding the following network density and 

popularity the model shows a positive and significant correlation with watchers and forks and non-

significant with pull requests. 

According to centrality measures, degree centrality measures in the following network has a negative 

and the significant effect on popularity measures over time while the only significant correlation in the 

affiliation network is found in pull request which is also negative. Eigenvector centrality does not show 

the significant outcome. Betweenness in the affiliation network plays a negative significant role in 

relation to popularity metrics. This fact reveals that in the affiliation network, moving forward to more 

equal network in terms of brokerage power makes the project more popular. In the following network, 

betweenness just shows a negative and significant effect on watchers. However, this effect is higher 

than the affiliation network effect. Closeness in affiliation network, has a positive and significant effect 

on pull requests and watchers. Inequality in distance among developers in affiliation positively affects 

project popularity. Equal and dense affiliation network can be a signal for an outsider that a team is 

already shaped as they have many common projects and there is a low potentiality for other 

contributions. Regarding H1, to compare two networks through their associated measures, we have 

followed (Temizkan and Kumar 2015). Using Wilcoxon test, we found the significant differences 

among all metrics in two networks which supports our hypothesis. 

Generally, the analysis of network features reveals that the affiliation network and the following 

networks regulate different effects on OSS project popularity. In the case such as density, their effect is 

completely reverse which supports H1 and H2. In other cases, where we can show a significant effect 

on one network the other one does not show statistically significant results. The analysis approves that 

density of internal social network (following) is positively correlated with project popularity (H2b). In 



54 
 

contrast, regarding the H2a there is a negative correlation between popularity factors and external 

network (affiliation network). These confirms our arguments about social network density. According 

to H3, the current outcome partially supports the hypothesis, however, in few cases such as closeness 

centrality we have not seen any significant outcomes. 

3.8.2. Project Characteristics Findings 

The longitudinal model depicts the significant relationship of joining new members to the project team 

on the popularity of a project over time. Accepting new members significantly send signals to the 

community for the openness of the project for new contributions. Regarding license choice, projects 

with permissive licenses are getting more popular over time. Same results are shown regarding projects 

with non-general licenses. The effect is higher for permissive type on watchers and pull requests. 

However, fork-ability of no-general licenses is higher than permissive ones over time.  

Table 3.5. Summary of the Analysis of Hypotheses  

Hypothesis Results 

H1 Effect of affiliation networks social embedded and cohesion evolution 

over time on the OSS project popularity are different from the 

following network in a social coding platform. 

Supported 

H2a Considering the affiliation network, a more cohesive (denser) project 

has a negative relationship on OSS projects’ popularity over time. 

Supported 

H2b Considering the following network, a more cohesive (denser) project 

has a positive relationship to OSS Projects’ popularity over time. 

Supported 

H3 Growth of network inequality level in OSS projects negatively 

correlated with open source project popularity among community 

members over time. 

Partially 

Supported 

 

These findings can help OSS project managers and owners to keep track of developers’ interaction 

inside a project as all of them are considered as a signal to the community. Intellectual property rights 

such as license choice required to be chosen very well in terms of project goals. Also, the democratic 

organizational model with power equality over time direct project to more popularity inside the 

community. On the other side, it provides an overview for community members and developers to 

understand the nature of interaction better. Project members can realize how their internal and external 

socio-technical interactions can affect the project reputation. 

3.8.3. Panel VAR Model 
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In this sub-section, we have employed Panel VAR (Vector Auto Regression) analysis to account for the 

effect of dependent variables past values. Panel VAR model assumes that each dependant variable is 

related to its own lagged values and the lagged values of other dependant variables. This econometric 

approach has been applied in management and information systems research (Dewan and Ramaprasad 

2014; Luo et al. 2013; Moqri et al. 2018). Panel VAR model reveals the bidirectional relationship among 

dependant variables and provides visualization techniques such as impulse response function (IRF) to 

assess this relationship. The panel VAR model specification for this study is introduced in the following 

formula. 

 (3.2) 

 

Where βt represents any time effects such as seasonality and εi,t depicts the error terms. L is the lag 

operator which is defines as L Yi,t = Yi,t-1 and Lm Yi,t = Yi,t-m . In this formula A(L) is lag polynomial 

which is defined as below 

 (3.3) 

    

Which defines the following operator 

 (3.4) 

 

We have applied model selection process (Andrews and Lu 2001) for the first and second order panel 

VARs using the first and second lags of forks, pull requests, and watchers. The model selection is 

applied to find out how many lags are required to be considered in panel VAR analysis. Table 3.6 

presents the result of model selection process. According to the lower values for the second lag we 

select this model for panel VAR model analysis   

Table 3.6. Selecting Panel VAR model  

Lag BIC AIC HQIC 

1 7344102 7347009 7345857 

2 6536444 6539229 6538118 

BIC: Bayesian Information Criterion; AIC: Akaike Information Criterion; HQIC: Hannan-Quinn 

Information Criterion 
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The result of Panel VAR model is presented in Table 3.7. Based on the outcome of the panel VAR 

analysis we can see one-period lagged (the short-term effect) of each dependent variable has significant 

and positive effect on its next period values. The Panel VAR shows there is no significant effect of 

other lagged dependant variables on the other ones in the next period. Interpretation of the coefficient 

estimates with more than one lagged period is not straightforward as the effect is counted on other 

lagged variables apart from a particular variable. Impulse response functions (IRF) are a common 

approach to visually elaborate coefficient estimates on this case. Figure 3.7 represents the IRF charts 

Table 3.7. Panel VAR model for popularity estimation 

 Dependent Variables 

Independent variables Forks PullRequests Watchers 

L1.Forks 1.4273 (0.0422) *** 0.7760 (0.6036) -0.8242 (0.4441) 

L1.PullRequests -0.0003 (0.0032) 1.1584 (0.0285) *** -0.0285 (0.0174) 

L1.Watchers 0.0179 (0.0269) -0.1631 (0.1883) 0.9883 (0.3142) ** 

L2.Forks -0.5584 (0.0754) *** -0.4199 (0.7115) 1.3708 (0.6214) * 

L2.PullRequests 0.0033 (0.0030) -0.1316 (0.0253) *** 0.0080 (0.0165) 

L2.Watchers 0.0452 (0.0228) * -0.0234 (0.0776) -0.3401 (0.1044) ** 

 

Impulse response analysis in panel VAR model indicates changes of model’s variables in reaction to 

one-unit shock in other variables. We have visualized the IRF charts with 95% confidence level using 

orthogonalized IRF. These charts indicate how one-unit shock in one variable affect the other variable 

over 8 observations.  Apart from pull requests, the IRF charts show a flat and steady effect of one-unit 

shock of one dependant variable on the others over time. In the case of pull requests, one-unit shock of 

forks in the first stage has an increasing effect on pull requests over time. Same scenario with repeats 

for pull requests shock on the future number of pull requests.  
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Figure 3.7. Panel VAR Impulse response functions (IRF) 

 

3.9. Discussion 

3.9.1. Theoretical Implications 

In this study, we have applied social network theory to investigate the effect of OSS developer social 

network structures on project’s popularity. We have employed communication visibility theory (CVT) 

(Leonardi 2014) and signalling theory (Spence 1978) to address the research questions of this study. To 

the best of our knowledge this is the first study in OSS literature which applied CVT theory to address 

the relationship of social coding transparent data on the OSS community performance. We have 

analysed a large longitudinal dataset of 272 projects hosted on GitHub for a period of 3 years. The result 

supports almost all hypotheses except one which is partially supported. We have applied panel VAR 

models to validate our modelling and results. Our results make several theoretical and practical 

contributions to enrich the OSS literature.  

This work has several theoretical implications, we have defined popularity among potential developers. 

Most of the OSS studies focused on popularity among end-users and project members and ignored the 

potential contributors. Also, we have structured a new social network by considering developers 

following network. The large body of OSS social network studies has focused on affiliation network 

which elaborate external ties among developers. We have compared the different nature of affiliation 

network with following network according to the project popularity. In this study, the affiliation 
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network represents the external cohesion of developers in a project compared to the following network 

which relates to developer’s internal cohesion. 

We have contributed to the OSS success literature and more specifically on the OSS popularity literature 

by measuring potential developers’ interests in a project. We have defined pull request and forks as new 

measures which elaborates different level popularity of a project among potential contributors. Our 

arguments about the positive effect of the OSS internal cohesion in the popularity of the project among 

potential contributors is validated.     

3.9.2. Practical Implications 

This study makes insightful contribution to practice. The findings help OSS community members to 

have a better understanding of OSS projects communication levels. OSS developers should track 

developers’ internal and external interactions to make a better decision for joining projects. The 

transparency of communications in social coding platforms helps OSS contributors to predict projects 

popularity in future. Furthermore, project owner and decision makers should track the communication 

patterns inside and outside of the OSS project. Tracking developers’ interactions can help them to find 

toxic patterns such as power inequality and developers turn-overs. Also, to gain more acceptance among 

community members they need to define strategies to make a more friendly and connected environment 

for the project.   

3.9.3 Limitations 

Along with the original practical outcomes of this study, we are aware of a few limitations in this paper. 

First, our study relies on GhTorrent as the main source of data. There may be issues in the way 

GhTorrent collect and demonstrate data. However, GhTorrent is widely used in GitHub mining studies 

and most of the studies rely on it (Cosentino et al. 2017), Second, we have tested our model and 

hypotheses based on the random subset of GitHub projects. Although the sample is big enough for a 

longitudinal data analysis, however, the same analysis can be applied to different datasets to provide 

more robust insights. Third, although GitHub is the largest social coding community for OSS 

development, other communities such as BitBucket and GitLab can be used for platform effect analysis. 

Fourth, this study only covers the activities inside the GitHub community, however, some projects have 

other communication channels such as slack that we have missed them.  Fifth, regarding pull requests, 

following the literature, we have only counted the number of pull requests (Sarker et al. 2019) but in 

reality pull requests are different in size and effect. A pull request may contain one or more code 

commits while each commit can vary in its size and quality. In addition, pull requests’ final status is 

also important (merged/rejected). Sixth, there are several more factors such as organizational supports, 

project domain and programming language popularity that can be used as controls on this study. We 
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have created our model based on the most common factors, however, these factors can enrich the model 

and findings. 

 

3.10. Conclusion and Future Works 

In this study, we have compared two different social networks structures of OSS developers in OSS 

projects. We have tested a series of hypotheses regarding OSS project popularity. Panel data analysis 

is applied on 272 projects hosted on GitHub. Affiliation and following network are structured for each 

project for a period of three years. We have calculated different network related metrics on each project 

over time. The result of the longitudinal model supports most of our arguments about differences in 

networks’ behaviours and their effect on OSS project popularity. In addition, we have tested the effect 

of OSS license and the team size on project popularity over time. Permissive licenses increase the 

chance of popularity. We have presented that more members joined a project send a signal to the 

community for the openness of project to external resources. Openness enhances the project popularity 

chance. 

For future research trend, we are planning to run the same model on other project success metrics. In 

addition, a project popularity monitoring artefact can be designed to evaluate and predict the network 

structure of developers based on link prediction methods. Furthermore, other possible networks such as 

co-committing, co-watching and co-discussed can be shaped to study the project evolved over time. 

Also, we recommend to add more control variables such as organizational sponsorship to the model. 

This can enrich the analytical model and can bring more useful insights.  
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Chapter 4: Open Source Project Recommender System 

Paper 2: Matching Supply and Demand in Open Source Software Development 

Abstract 

Growing popularity of OSS has attracted millions of developers to social coding platforms such as 

GitHub.com. However, it appears that OSS software is becoming a victim of its own success because 

finding the right project, among millions of projects hosted on social coding platforms, is a gruelling 

task for developers. Lack of match among developers and projects has resulted in high developer 

turnover and project failures. In this context, the evolving nature of developers’ preferences and 

projects’ goals, complicates matching of developers and projects.  

This paper proposes a new artefact based on collaborative filtering (CF) recommendation technique to 

recommend OSS projects to developers. The dynamic nature of projects’ evolution and the developer’s 

preferences makes this a very different problem than, say, recommending products to consumers. Our 

proposed method uses developers’ socio-technical activities to capture their evolving preferences and 

project goals and creates an implicit personalized project rating/ranking for developers. A multi-criteria 

decision-making technique is used to generate an overall rating based on developers’ different types of 

activities. The proposed artefact has been evaluated with the real-world data from GitHub. Our results 

show that developers who join projects that we recommend, are among the top contributors on these 

recommended projects, and vice versa for the developers who join projects that we don’t recommend. 

The comparison of proposed method with other state of the art collaborative filtering approaches shows 

promising results.  

Keywords: Socio-technical, Open Source Software, Recommender Systems, Collaborative Filtering, 

Design Science, Social Coding, Multi-Criteria Decision-Making (MCDM) 

 

4.1. Introduction 

Compared to its proprietary counterpart, Open Source Software (OSS) and applications are innovative, 

easier to use and have lower development cost (Paulson et al. 2004). Due to these qualities, OSS 

paradigm has gained tremendous popularity in recent years, even among traditional software companies 

such as Apple (Apple.com, 2015). Software firms who perceived OSS as a threat, have now changed 

their business model and started partnering with, and sponsoring OSS projects. Currently a large number 

of popular OSS projects are owned and sponsored by companies such as Facebook, Twitter, Uber, etc. 

This popularity growth and business interest has attracted scores of software developers to OSS 

ecosystem who wish to join and contribute to OSS projects hosted on social coding platforms such as 
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GitHub.com, SourceForge.net, and Bitbucket.org. However, therein lies a challenge for the developers- 

how to find the right project to make contribution among millions of projects hosted on these social 

coding platforms?  

Since OSS projects are a result of volunteer contributions, developers collaborate on these projects on 

their own terms. Therefore, social coding platforms, facilitate developers’ collaborative preferences 

(preferences, hereafter) to maximize developers’ ‘collaborative utility’ (Blincoe, et al., 2016). Note that, 

developers’ preferences (patterns) are observable from developers’ socio-technical activities stored in 

OSS repositories. These patterns are diverse, representing diversity in developers’ preferences and 

global nature of OSS teams (Dabbish, et. al., 2012). Since harmonious collaboration among team 

members are critical for success and productivity of OSS projects, we contend that considering 

developers’ preferences are critical in matching them with OSS projects for long-term success of OSS 

ecosystem. OSS literature has argued that developers’ collaborative network (captures with whom they 

collaborate) drive their project selection (Hann, et al., 2008). We add to this literature and argue that 

developers’ preferences (captures how they collaborate) are also critical in their project selection.  

GitHub one of the large social coding platforms, aims to act as a clearinghouse between OSS projects 

and developers, and facilitates a feature called Explore GitHub.  However, Explore GitHub just allows 

searching for trending projects and is not a recommendation agent that can match developers and 

projects. We argue that the sheer size of these platforms makes is very difficult for both projects and 

developers to find a good match. As of 2019, GitHub has more than 65 million developers and 200 

million of projects. Figure 4.1 shows a few samples posts from a prominent online community forum 

Stackoverflow, highlighting how developers appeal for help to find appropriate projects and project 

owners look for OSS contributors.  
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Figure 4.1. Evidence from StackOverflow.com: Left panel: Developers seeking OSS projects; 

Right panel:  OSS projects looking for contributors.   

Since open source software powers large and small corporations alike, it plays a significant role in 

economic growth and therefore developers’ sustained associations and contributions to these projects 

are very critical for their long-term success. Current state of art approaches recommend project selection 

based on project popularity (Jarczyk et al. 2014), license type (van Osch et al. 2011) and previous ties 

(Hahn et al. 2008; Jarczyk et al. 2014; van Osch et al. 2011) but are limited in many ways. For example, 

popular projects may attract more contributors (Fronchetti et al. 2019; Nielek et al. 2016), however, 

high turnover of OSS developers confirms that developers should evaluate projects with various metrics 

and not only the reputation (Bayati 2018). Developers joining projects based on prior ties (Hahn et al. 

2008) is inefficient because it doesn’t account for evolving nature of developers’ preferences and project 

goals, and approach is not scalable for millions of developers and projects hosted on social coding 

platforms. Overall, these filtering mechanism aren’t effective in OSS ecosystem due to its size and 

dynamic nature, resulting into low retention rates of developers (Schilling et al. 2012b). Recent studies 

confirm that a large number of developers leave OSS projects due to inappropriate project selection 

(Steinmacher et al. 2015) leading to project failure (Schilling 2012).  

Supply  Demand  
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Scholars argue that a recommender system to recommend projects to developers is critical for long-

term sustainability of OSS projects and communities (Jiang et al. 2016). Recommender systems are 

software applications that predict user preferences based on different approaches, such as Collaborative 

filtering (CF), content-based recommendation, knowledge base and hybrid systems (Ricci et al. 2011). 

Mining software repositories (MSR) techniques have been used to design recommender systems for 

software engineering (RSSE), but these are mainly focused on supporting software 

developers/practitioners and project managers in a variety of tasks such as Bug triaging, finding experts 

(Anvik et al. 2006; Anvik and Murphy 2011; Badashian et al. 2015; Naguib et al. 2013; Shokripour et 

al. 2013), source code suggestion (Holmes and Murphy 2005), etc. in the software development life 

cycle (SDLC) (Robillard et al. 2010), partly because recommending projects to developers is not trivial, 

as we discuss next. 

Recommending OSS projects to developers is different from recommending products to consumers in 

online markets due to following challenges. First, OSS projects are not static, like other products, and 

evolve over time (Schafer et al. 1999; Wang et al. 2015). For example, OSS projects’ content, associated 

developers, goals, organization, requirements, structure and governing policies change over time and 

influence developers’ preferences. Second, developers themselves are different from online consumers. 

Over time developers’ knowledge and skills change based on their contribution and engagement with 

OSS ecosystem, thereby changing their preferences. Developers’ preferences also change with their 

experience. For example, experienced and skilled developers deserve and desire higher roles in projects 

(Robillard et al. 2014). Third, developers’ rating for OSS projects are needed to design a collaborative 

filtering (CF) based recommender system. However, there is no mechanism on GitHub, or other social 

coding platforms to capture developers’ ranking for OSS projects. Although, developers’ watch list of 

projects can be used to construct their project rankings, but it’d not be helpful because- a) measurement 

is binary (1 if a project is on the watch list) and not ranked, b) watching doesn’t signal developers’ 

intent to contribute and c) developers’ interests in OSS projects are temporal and dynamic, therefore, 

explicit rating would not be useful. In this research, we address all these three issues by developing a 

personalized project ranking for developers, which are used in a recommender system to recommend 

projects to developers.  

Since there is no rating mechanism on GitHub to capture developers’ interests in OSS projects, this 

study aims to design a new personalized project rating mechanism for developers. Using developers’ 

socio-technical activities in OSS projects, openly available on GitHub, we employ implicit feedback 

(Kelly and Teevan 2003) approach to compute personalized project ratings. While many studies have 

used/developed implicit ratings in absence of explicit ratings from the users(Choi et al. 2012; Lee et al. 

2010), however, none of them are comparable to our context where both developers’ preferences and 

projects’ goals are changing over time.  
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Developers are heterogeneous in their project selection and motivation for contribution. Scholars argue 

that multiple criterion such as socialization, learning new skills, gaining reputation and many other 

social and technical factors drive how developers select projects for contribution (Fang and Neufeld 

2009; Roberts et al. 2006). Since project selection is a multi-criteria decision-making process, our 

artefact for personalize project rankings takes that into account. Multi-criteria recommender systems 

(MCRS) are studied in a wide range of domains and applications such as e-commerce and entertainment 

(Adomavicius and Kwon 2015; Palanivel and Sivakumar 2010). Compared to general recommender 

systems, MCRS consider various features of an item, rate them separately and aggregate later for an 

overall rating for the item. Since developers may have different and evolving preference for their socio-

technical activities, we apply MCRS approach in our recommender system. Details are discussed in our 

artefact. 

We follow Design Science Research (DSR) methodology (Hevner et al. 2004) and Peffers’s model 

(Peffers et al. 2007) for designing this new artefact. Figure 4.2 shows our research phases in a schematic 

model. Figure 4.2 illustrates the performed phases in the first iteration to design a time-discounted 

implicit feedback rating technique. The main contributions of this research are following. First, we use 

developers' socio- technical activities, to implicitly rate these projects. Second, in creating the 

personalized project rankings, we account for the changes in developers' preferences and projects' goals 

over time, which is different from existing studies on OSS project selection (Allaho and Lee 2013; van 

Osch et al. 2011). Third, we consider the project selection as a multi-criteria decision-making (MCDM) 

process and therefore develop a multi-criteria recommender system (MCRS) to make a personalized 

project recommendation. Based on the abovementioned contributions the research question of this study 

is "How to design a multi-criteria recommender system when both consumers (developers) and products 

(projects) are evolving over time?”  

This paper follows recommended structure for DSR studies (Gregor and Hevner 2013).  The next 

section describes related work to OSS studies in information systems literature, the socio-technical 

analysis in OSS domain and RSSEs. Later we introduce the research method, which provides details of 

the proposed artefact followed by the evaluation process. Finally, we summarize the contributions and 

limitations of this study and provide directions for future research. 
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Figure 4.2. Research Model based on (Hevner et al. 2004) guidelines and (Peffers et al. 2007) 

Model 

4.2. Related Works 

In this section, we discuss the literature on how developers join OSS projects, how OSS projects attract 

and retain developers and recommender systems in software engineering. We summarize these streams 

of literature and highlight our contribution.  

4.2.1 Joining Open Source Projects  

A large number of studies have established that developers are driven by a mix of intrinsic, extrinsic, 

ideological and community motivations (Alexy and Leitner 2011; Krishnamurthy et al. 2014; Von 

Krogh et al. 2003) to make contributions to OSS projects. However, we are yet to understand how these 

motivated developers select or join OSS projects. Since, developers’ volunteer contributions are key to 

the success of OSS projects (Von Krogh et al. 2003), it is critical to expand our understanding on how 

developers find and join OSS projects. Note that matching developers’ skills and preferences with 

project goals is key for sustainable contributions (Schilling et al. 2012b). 

Scholars have examined developers’ project selection process but these studies have mostly investigated 

the antecedents of joining a project. These studies find that the rate of code commit (Nielek et al. 2016), 

license type of projects (van Osch et al. 2011), required skillset (Terceiro et al. 2012), project reputation 

and popularity (Jarczyk et al., 2014; Fronchetti et al., 2019)  , previous social ties and peer influence 

(Allaho and Lee 2013; Hahn et al. 2006) , and contribution of popular developers (Blincoe et al. 2016; 

Schilling et al. 2012b)  are major drivers for developers’ joing a project. While these studies highlight 

drivers of joining a project, they are thin on investigating the role of developers’ preferences in joining 

new projects. When developers’ preferences are not aligned with project goals, developers are likely to 
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leave the project or remain inactive even after joining. For example,  it has been shown that selecting a 

project only based on project popularity or high rate of activity, e.g., number of commits, may lead to 

developer attrition (Bayati and Peiris 2018)because sustained contributions requires alignment between 

developer preferences and project attributes and requirements. Indeed, studies have documented high 

attrition rates in OSS community in recent years (Steinmacher et al. 2018).  

One can argue that finding and selecting a project, out of millions available, is a complex and a time 

consuming process. Thus, developers rely on their social network to find and join OSS projects. Recent 

studies have shown two prominent trends among developers joining OSS projects- 1) based on prior 

ties and 2) based on popularity of developers/projects. First one argues that prior collaborations and ties 

with project members or project owners may affect developers’ decision to join a project (Hahn et al. 

2008). However, there are three problems with this approach- 1) it limits the opportunities for both 

developers and OSS projects, 2) developers’ preferences change since their prior ties and 3) newcomers 

are at a disadvantage with this approach. For example, GitHub lists almost 200 million OSS projects; 

therefore, relying only on previous ties to find projects is not only difficult for developers but also 

limiting and inefficient for the OSS ecosystem. Second, a set of studies have shown that developers 

follow popular developers (Blincoe et al. 2016; Nielek et al. 2016) and projects (Fronchetti et al. 2019; 

Jarczyk et al. 2014)  to find and join OSS projects. However, there are three problems with this 

approach, 1) popularity can be driven by many factors, 2) needs of popular projects and developers’ 

skills may not be aligned and finally, 3) this approach is not scalable when it comes to matching millions 

of developers to projects. Further, this may lead to distortions in OSS ecosystem where some projects 

get flooded with developers while others close due to lack of volunteer contributions.  Our work 

contributes to this literature by arguing that developers’ preferences should play an important role in 

project selection and therefore we propose an approach to recommend projects to developers based on 

their preferences. 

4.2.2. Attracting and retaining OSS developers 

It is not only developers who face challenges in finding OSS projects that match with their preferences, 

OSS project owners also strive for motivated developers whose skills and expertise match with the 

project requirements (Figure 4.1), because absence of that leads to developer attrition. Unfortunately, 

developers turnover is high in OSS projects and therefore, retention of developers is one of the biggest 

challenges for open source projects (Schilling 2014). In fact, four out of five projects fail due to lack of 

sustained contributions (Schilling et al. 2012b).  

According to the Recruitment theory the person-job fit and person-team fit are critical for sustained 

contributions (Edwards, 1991). This matching or fitness can be assessed both from developer and 

project perspective, using objective or subjective measurements. For example, using cross-sectional 

data, Sharma et al. (2010) examined the effect of developers’ perceived fit with OSS projects on 
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developers’ turnover. While their study was among the first to highlight the need for a fit between 

developers and projects, it cannot be scaled for matching developers and projects as we propose in this 

study because- a) their study relied on subjective assessment, which is questionable, b) it only 

considered developer’s perspective, without considering projects, and finally, c) in a dynamic 

environment where both project and developers evolve over time, a cross-sectional assessment has 

many limitations.  Some of these issues were addressed by Schilling et al. (2012b), who focused on 

students contributing to Google Summer of Code project. Authors used students’ historical 

contributions and associations with the project to objectively measure person-job fit and person-team 

fit and concluded the importance of these fitness measures on sustained contributions in OSS projects. 

While they highlighted the importance of using historical activities data to measure fit, their study was 

focussed on one project and didn’t account for the evolving nature of developers and projects in OSS 

ecosystem. Further, their study was narrowly focussed on one technical activity whereas literature has 

argued that both social and technical activities are important for matching developers to projects. 

Software development in general and OSS in particular are social coding activities, which require 

developers’ social along with technical skills for sustained contributions (Bird et al. 2009).  Developers’ 

social commitments (Schilling et al. 2013), social ties (Schilling 2012) and social identity with OSS 

community drives their sustained participation in OSS projects (Chou and He 2011; Fang and Neufeld 

2009). Therefore developers’ social and technical skills should be aligned with that of project members 

and project goals (Schilling et al. 2012b), which is often not the case and lacks in developers’ project 

selection process leading to higher attrition rates. Our research aims to address this issue by 

recommending projects to developers d based on developers’ social and technical activities/preferences.  

Scholars used Herzberg’s two factor theory to examine developers’ dissatisfaction in open source 

community (Yu et al. 2012) and found that developers who use the software for personal use have lower 

dissatisfaction than others. The significant role of personal needs highlights the value of personalized 

rating technique for project selection. Other similar studies find that project characteristics and 

developers skills affect turnover rate in OSS community (Sharma et al. 2012). Overall, we observe that 

on one side, the literature has shown the effect of project attributes on turnover (Chengalur-Smith et al. 

2010; Oh et al. 2016; Schilling et al. 2012a; Shah 2006; Yamashita et al. 2016), but on the other side, 

another stream of literature shows the effect of developers’ skills/preferences on turnover (Sharma et 

al. 2012; Steinmacher et al. 2015; Yu et al. 2012). Drawing from these two streams, we argue that lower 

turnover in OSS may depend on adequately matching socio-technical attributes of both developer and 

projects. Therefore, we use socio-technical activities for both projects and developers over time to create 

personalized project rankings. 

4.2.3. Recommender Systems in Software Engineering (RSSE) 
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Literature on Recommender systems in software engineering (RSSE) (Robillard et al. 2014) has mainly 

focused on software development related issues, such as, Bug triaging, finding experts (Anvik et al. 

2006; Anvik and Murphy 2011; Badashian et al. 2015; Naguib et al. 2013; Shokripour et al. 2013), 

source code suggestion (Holmes and Murphy 2005), design pattern recommendation (Palma et al. 

2012), tracking updates (Zimmermann et al. 2005), requirement management (Maalej and Thurimella 

2009), recommending pull request reviewers (Yu et al. 2016), following (Schall 2014) and experts 

(Allaho and Lee 2014). While these studies tackle interesting issues, they lack on following two 

challenges- 1) these studies do not address the demand and supply issues in OSS, which is 

recommending projects to developers. Note that recommending projects to developers is challenging 

due to continuous changes in Developers’ preferences and projects’ goals over time. And, 2) most of 

these studies have used MSR (mining software repositories) techniques, such as source code analysis, 

developers’ communication, and project historical data analysis to develop recommender systems 

(Anvik et al. 2006; Yu et al. 2016). Instead of using traditional MSR techniques, we have used large-

scale data analysis techniques to query GitHub to obtain developers’ preferences from their social and 

technical activities and developed personalized implicit project ratings for individual developers.  

 

4.3. Overall Framework 

While it is common knowledge that developers’ technical skills are critical for development and success 

of OSS, research is thin on the role of developers’ social skills in OSS development. Researchers argue 

that software applications are an outcome of collaboration among developers and other project 

members. Specifically in OSS projects where a software artefact is developed with technical knowledge 

and interactions with a large and diverse project community, both social and technical activities are 

important and influential in project success or failure (Bird et al. 2009). Knowledge creation in OSS is 

influenced by social structure and member’s network cohesion (Singh et al. 2011), and social structure 

of the OSS project and associated community has an effect on team activity (Wu and Goh 2009). 

Therefore, developers’ social skills are critical for their acceptance and success in the OSS community 

(Carillo et al. 2017; Qureshi and Fang 2011). Holistically, communication, collaboration and 

coordination between various stakeholders (Syeed and Hammouda, 2013), including community 

members, is crucial for success and survival of these projects. 

Theory of translucence  (Erickson and Kellogg 2000) lays the foundation of a system that facilitates 

asynchronous communication, coordination and collaboration between geographically diverse, large 

groups of developers, required for OSS development. We argue that OSS social coding platforms, e.g., 

GitHub, are social translucent systems. These coding platforms have key characteristics- visibility, 

awareness and accountability (Erickson and Kellogg 2000) outlined in the theory of translucence, 

critical for communications and collaborations among OSS developers. For example, GitHub allows 
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developers to be visible to others, aware of other developers and accountable for their actions and 

behaviours, thereby supports consistent behaviour in groups and communities (Barreto, Karapanos and 

Nunes, 2011), and enables interaction and collaboration among OSS community members.  Developers’ 

activities on GitHub are open and transparent allowing community members to learn and evaluate their 

skills, goals and preferences. This openness has spurred collaboration and contribution in OSS projects.  

Extant literature has used developers’ social and technical activities to infer their goals, expertise and 

fit with OSS projects (Dabbish et al. 2012; Tsay et al. 2014b) and also for evaluating their contribution 

on OSS projects (Tsay et al. 2014a; Tsay et al. 2014b). While scholars agree that OSS developers’ social 

and technical skills are critical for their contribution in OSS ecosystem, literature is scattered on what 

constitutes social and technical activities. We extend this literature and propose to classify developers’ 

activities as social, technical and collaborative. We contribute3 to this stream of literature by adding 

collaborative activities along with social and technical activities. These activities, over time across 

different projects, are used to measure developers’ preferences and developing a personalized implicit 

project ranking for OSS developers. These rankings are then used as an input to a recommender system 

to recommend projects to developers. Next, we discuss developers’ social, technical and collaborative 

activities in OSS projects. 

4.3.1. Social Activities 

In OSS ecosystem, communities are built around OSS projects and play an important role in success of 

these projects (Carillo et al. 2016; Daniel et al. 2018). Developers’ affiliations with peers in project 

community affect project success (Grewal et al. 2006) and social structure, which eventually affects 

their contribution and knowledge creation in OSS projects (Singh et al. 2011).  

Developers’ social activities in OSS projects indicate their desire and ability to connect and affiliate 

with other developers, and integrate with the project team (Gharehyazie, et al., 2015). Understanding 

the value of social activities, social coding platforms such as GitHub use a ‘following’ feature (Blincoe, 

et al., 2016), similar to the one on social media platforms such as Twitter. Following activity is used as 

a measure of developers’ social activity(Lee et al. 2013; Moqri et al. 2018). Following is different from 

participation, and it is referred as affiliation (Goggins and Petakovic 2014) and awareness(Wu et al. 

2014) , and therefore, supports the awareness characteristic of the theory of translucence.  

By following someone, a developer receives the latest information, such as participation and 

contribution activities about the followed developers. Following influences actions and contributions, 

leads followers to new projects (Badashian and Stroulia 2016; Blincoe et al. 2016), and is often 

considered more influential than contribution in OSS ecosystem (Blincoe, et al., 2016). Indeed, social 

                                                           
3 We test our design artefact against both classifications- 1) Social and Technical, as suggested in the 
extant literature, and 2) Social, Technical and Collaborative, that we propose in this study. See details in 
section – Robustness Checks. 
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recommender systems are using following feature, to measure friendship and trust to find similar users 

(Montaner et al. 2002; Schall 2014; Yang et al. 2014).   

Following also leads to social influence (Cha et al. 2010) and social ties which affect developers’ level 

of interest in a project (Hahn et al. 2006; Hannebauer and Gruhn 2017). We argue that following and 

followed by activities among peers within a project affect social structure and cohesion and therefore, 

developers’ affiliation and commitment (Singh et al. 2011) and contribution (Wu and Goh 2009) for 

the project. We use these activities as a measure of developers’ social activities in a project (Figure 4.6).  

4.3.2. Technical Activities 

A social coding platform such as GitHub hosts millions of OSS projects and facilitates features such as 

distributed development, issue tracking, online build process, code review and source control, etc. just 

to name a few. Developers’ technical activities are related to any type of coding and development 

submissions (Sarker et al. 2019; Vasilescu et al. 2016)  and there is a little ambiguity about core 

technical activities in OSS communities (Badashian et al. 2014; Tsay et al. 2014a), which are Commits, 

Issues and Pull Requests (see Figure 4.6). Following the literature, we count these core technical 

activities (Vasilescu et al. 2015) to measure developers’ technical activities (Figure 4.6).   

Figure 4.3 shows two of these technical activities to illustrate the process of commits, pull requests and 

associated discussions. It shows that a developer has forked a project from main (master) branch, 

committed changes in the forked version and then submitted a pull request to the core members to 

review her changes/commit. This pull request triggers discussion before commits in the forked project 

are merged with the main project (master branch). Next, we describe all the three technical activities- 

commit, issue and pull request (Vasilescu et al. 2015). 

 

Figure 4.3. Commit, Pull Requests and Discussion in an OSS project on GitHub 

On GitHub, developers can make a copy of an OSS project to make changes to the source code. These 

changes are saved on their copy, also termed as forked project. This event (saving changes) is named 

as Commit. Commits can vary in their size and importance. Following OSS literature (Badashian et al. 

2014; Vasilescu et al. 2013), we use the number commits to measure a developer’s technical activity 

and her interest in a project.  
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Open source community allows contributions in variety of ways (Crowston and Howison 2005). For 

example, some of the volunteers play (test) with the OSS software and list bugs and required features 

via a system called issue tracking. On GitHub, the term Issue is used for bugs and features reported by 

developers or other contributors. Project coordinators assign Issues to developers based on their 

expertise (Anvik and Murphy 2011).  Successful resolution of issues are critical for project quality and 

success (Bissyandé et al. 2013; Jurado and Rodriguez 2015). Number of Issues assigned to a developer 

signals her expertise and measures her interest in a project and therefore, can be used to measure 

developer’s technical activity in a project.   

In distributed software engineering, developers work on their assigned issues and development tasks on 

their local repositories (forked version). Whenever they want to merge their code into the main 

repository, they send a request for merging, which is called Pull Request. A pull request is checked for 

suitability following standard policies. After acceptance, it is merged with the master repository for 

production purposes. Software engineering literature has named this strategy as pull-based software 

development (Yu et al. 2016). Pull Request has been used in software engineering literature to examine 

developers’ contribution (Badashian et al. 2014; Gousios et al. 2016). We use the number of pull 

requests to measure a developer’s technical activity and her interest in a project. 

We understand that the number of commits, pull requests and reported issues is not the perfect way to 

measure technical activities/contributions, because these contributions may vary in terms of their size, 

complexity, efficiency and their overall effect. For example, a code commit may vary from just adding 

or removing a few lines of code to huge in-depth changes in multiple correlated source code. However, 

most of the studies in literature have used these proxies to measure developers’ contributions (Daniel 

and Stewart 2016; Grewal et al. 2006; Singh et al. 2011) due to measurement challenges associated with 

other matrices.  

4.3.3. Collaborative Activities 

Interactions and discussion among developers are critical in distributed software development 

environment (Guzman et al. 2014; Guzzi et al. 2013). In OSS communities, most of these interactions 

are text-based, in the form of reviews, comments, messages, and e-mails. These conversations help 

enhance products’ technical features (Guzman et al. 2014; Guzzi et al. 2013). Figure 4.4 shows an 

example of how contributors discuss a submitted commit via commit comments.  
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Figure 4.4. Evidence of commit comments 

Literature generally considers the discussion/comment in OSS as a social activity (Gharehyazie et al. 

2015; Sarker et al. 2019; Vasilescu et al. 2015). For example, communications regarding issues, etc. 

(Gharehyazie, et al., 2015) and comments on commits, pull requests, etc. (Vasilescu, et al., 2015) have 

been considered as social activities. However, we contend that discussion/comment on an issue or pull 

request is not a mere social activity because issues or pull requests are assigned to developers based on 

their technical expertise (Anvik and Murphy 2011) and are not open to anyone intending to just 

socialize. Developers require technical expertise to discuss about different facets of a bug or a requested 

feature while they are reviewing the source code. Along with the technical knowledge, they also need 

to follow the social norms of the community during these discussions and therefore, these activities are 

somewhere in between purely technical or social and truly measure the collaborative aspect of OSS 

ecosystem. These activities require collaboration in a form of discussion/commenting, where more than 

one developer work on the same artefact, using different ICT tools, such as emails, instant messaging, 

and web-based applications (Xuan and Filkov, 2014) and therefore, we term them as collaborative 

activities. We use three types of interactions-commit comments, issue comments and pull request 

comments, to measure developers’ collaborative activities in a project (Figure 4.6).  

Several developers may comment on a commit to increase the quality of the commit, and of the project 

as whole. Though only registered contributors can write commit comments, but these comments are 

public for scrutiny and participation purpose. Commit comments reveal developers’ expertise, 

behaviour, participation and engagement with the development process (Guzman et al. 2014; Pletea et 

al. 2014).  
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Similar to commit, developers collaborate by commenting to increase the quality of issue resolution, at 

any stage, from opening to closing. Issue Comments are technical in nature and help developers 

collaborate in their contribution to OSS project.  

Before accepting or rejecting a pull request, project coordinators and senior project members discuss 

different aspects of the request via Pull Request Comments. Each pull-request may invoke a bunch of 

reviews/comments in form of back and forth exchange between developers before acceptance. Pull 

request comments provide a critical tool for evaluating, assessing and reviewing (Yu et al. 2016) pull 

requests.  

While we measure the contributions by the count of comments, etc., we understand that comments’ size 

and importance may also vary. For example, a comment from an expert or a core member may have 

different effect compared to a comment from a new or inexperienced developer. However, count is used 

as a proxy in the literature in OSS (Sarker et al. 2019; Vasilescu et al. 2015) and social media (De Vries 

et al. 2012; Swani et al. 2017).  

Developers’ socio-technical activities in OSS community have been used for project reputation analysis 

and its usability evaluation (Dabbish et al. 2012). We use these socio-technical activities to measure 

developers’ preferences for projects. These preferences are used to rank order their preferred projects, 

which is very important for developing a recommendation system for OSS projects (Hahn et al. 2008).  

We follow design science research (DSR) 6-step process model (Peffers et al. 2007) as shown in Figure 

4.2. Our main contribution is an artefact, which is a time-based implicit feedback rating mechanism for 

open source projects based on developers’ social, technical and collaborative activities in a social coding 

environment.  

  

Figure 4.5. Implicit Project Rating Module  
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Our proposed framework is shown in Figure 4.5. We divide developers’ activities in three main 

categories- Social, Technical and Collaborative (Figure 4.6). Using time discounted activities (Dabbish 

et al. 2012), our rating module calculates developers’ preferences in projects on a 1 to 5 scale. This 

rating module is one of the main contributions of this study that is presented as an algorithm, which we 

will discuss in next section.   

 

Figure 4.6. Hierarchical categories of social coding activities. 

In this study, we have applied implicit feedback approach for collaborative filtering (CF) 

recommendation (Kelly and Teevan 2003; Lee et al. 2008; Palanivel and Sivakumar 2010). Implicit 

feedback rating approach is used when, 1) direct ratings are not possible/available, and/or 2) the rating 

values are temporal and dynamic (Hu et al. 2008; Lee et al. 2008). Both of these issues are relevant in 

our context. First, GitHub does not provide a mechanism for developers to rate OSS projects and second, 

developers’ activities on projects change over time, which may affect their project rankings. Our 

approach deals with both of these challenges. We discuss the details of rating mechanisms in the next 

section.   

We use personalized project ratings generated via implicit feedback approach for collaborative filtering 

(CF) recommendation because CF has been used to predict users' interests based on choices of other 

similar users (Ricci et al. 2011). CF is independent of the content of items and there is no need for 

complex similarity calculation because it is based on similarity in preference (project ratings). We now 

present a general memory-based CF approach which uses Pearson or Cosine correlation similarity 

(Ricci et al. 2011). Equation 4.1 shows our proposed approach to predict developer d’s rating for a 

project p, where. D is the list of top N most similar developers (in terms of their project ratings) and k 

is the normalization factor shown in equation 4.2. Sim(d,d’) calculates the similarity between developer 

d and d’ (Equation 3a).  
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 (4.1) 

 
(4.2) 

The Pearson Correlation similarity is calculated based on Equation 4.3a, where r represents rating and 

Pxy represent a list of common projects between user x and y. One could use other approaches such as 

Cosine similarity (Equation 4.3b), widely used in in the literature (Ricci et al. 2011), or other similarity 

metrics like Jaccard and Euclidean distance (Ricci et al. 2011).  We do not discuss other CF approaches 

because comparing different approaches is not the focus of this study. 

 
(4.3a) 

 
(4.3b) 

 

4.4. Artefact Description 

This study proposes a novel implicit rating mechanism for rating open source projects based on 

developers’ social, technical and collaborative activities. Project ratings are an input to a collaborative 

filtering recommender system to recommend the most appropriate project for a developer. Details of 

the rating technique are presented below in Algorithm 1. For ease of exposition, we scaled the 

developers’ project ratings from 1 to 5, where 5 represents the highest interest value.  

Algorithm 1: Time-Based Implicit Feedback for OSS Projects 

Inputs:  

Developers (List of Developers N) 

Prjs (List of Projects M) 

Activities (List of Developers’ Activities in GitHub Projects) 

ActivityTypes (K) 

Output: 

CubeRatings (Cube K*N*M of Developers’ implicit rates for Projects in each Activity) 
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Procedure: 

For each activityk in ActivityTypes 

For each developern in Developers 

For each projectm in Prjs 

Xn,m= SUM(DPT(developern, projectm, timet)) 

For each developern in Developers 

For each projectm in Prjs 

ActivityRatingsn,m=Rates(developern, projectm, X) 

CubeRatingsk,n,m= ActivityRatingsn,m 

 

In Algorithm 1, two functions are used- DPT(x,y,z) and Rates(x,y,z). For a given activity type, DPT 

(Developer, Project, Time period) calculates total time-discounted activity of a developer d, on a 

specific project p, in time period t (Equation 4). Algorithm 1 receives four inputs- a list of developers, 

a list of OSS projects, a list of activities performed by developers on projects with their timestamps, 

and a list of different activity types. The output of the Algorithm 1 is a cube of implicit feedback ratings 

(CubeRatings), which can be used for predicting developers’ preference. The dimensions of the cube 

are activity type, developers and projects. Each cell in the rating cube contains the calculated rate value. 

In Algorithm 1, The function SUM(argument) summarizes all the DPT returned values for different 

time periods in one cell of matrix X, which we discuss later. 

 
(4.4) 

 (4.5) 

 (4.6) 

Equation 4.4 demonstrates DPT functionality in detail. Activities are time discounted, giving more 

weight to the ones in recent periods (Lee et al. 2008; Robbes and Röthlisberger 2013), as shown in 

Equation 4.4. This time-discounting approach accounts for changes in preferences and goals for both 

developers and projects. This function can be applied for different socio-technical activities. Therefore, 

OSS project recommendation system in our artefact is a multi-criteria decision-making (MCDM) 

process.  
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For the ease of exposition, we have considered linear discounting (Equation 4.5) however, our artefact 

can handle any other forms of discounting (e.g., exponential, Equation 4.6). Further, linear approach 

has been commonly used in the literature (Robbes and Röthlisberger 2013) because it performs well. 

The Rates function (Equation 4.7) calculates developers’ rates (ratings) to their contributed projects 

based on DPT. The summation of all DPT for an activity type for each developer on a specific project 

is stored in a matrix X, where rows and columns are developers and projects. This matrix is an input to 

Rates function (Equation 4.7).  

 

(4.7) 

In equation 4.7, d and p represent the developer and project, M is the number of projects and N is the 

number of developers. X[a,b] refers to the element Xa,b of matrix X. Our approach for rate calculation 

considers two different ways to normalize the rates value. First, we divide a developer’s total activity 

in a specific project by the average activities of other developers in the same project, during the same 

time. This allows us to capture developer’s relative interest in that project compared to other 

contributors. Second, by normalizing developer's relative interest for a project with other projects this 

developer contributes, we capture developer's relative preference for this project compared to other 

projects. The value of the rating is stored in a matrix, ActivityRatings (see Algorithm 1), which is for a 

specific activity, say commit. Similar exercise is performed for each of the eight activities (2 for social, 

3 for technical and 3 for collaborative) to generate ActivityRatings for each activity. Together all these 

ActivityRatings are compiled in CubeRatings. Note that CubeRatings is a three-dimensional matrix 

whereas ActivityRatings is a two-dimensional matrix (see Algorithm 1). We illustrate the working of 

algorithm 1 via an example, later in this section. 

The CubeRatings matrix is three dimensional but we desire a two-dimensional rating matrix with 

dimensions as developers and projects. Therefore, we calculate an OverallRatings matrix, which is two 

dimensional. We argue that developers’ preferences for activities may vary and it is less likely that 

developers have equal preference for the all the activity types. For example, a developer may partake 

in social, technical and collaborative activities but they contribute mostly via commits (a technical 

activity), and thus commit activity should get a higher weightage when computing project ratings for 

this developer. Therefore, we compute weights for each activity type for every developer to reflect their 

activity preference in their project ratings. Equation 4.8 demonstrates a generic approach to estimate 

weights for each activity. Here d, a and p, represent developers, selected activity, and project, 

respectively. Wd,a demonstrates the weightage for activity a for developer d. 
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(4.8) 

Algorithm 2 is an implementation based on equation 4.8 to calculate ModeratedWeights matrix (see 

Algorithm 2). This matrix is two dimensional. In Algorithm 2, we calculate the average number of 

activities for all developers and check the variance of the current user with the average. 

Algorithm 2:  Developers’ Interest Calculation on Each Activity Type 

Inputs:  

Developers (List of Developers with size N) 

Prjs (List of Projects with size M) 

Activities (List of Developers’ Activities in GitHub Projects) 

ActivityTypes (with size K) 

Output: 

ModeratedWeight (Matrix N*K of Developers’ Weight for Each Activity Type) 

Procedure: 

For each activitya in ActivityTypes 

C=0, S=0 

For each developerd in Developers 

Ad,a=0 

For each projectp in Prjs 

Xd,p = SUM(DPT(developerd, projectp,timet)) 

Ad,a = Ad,a + Xd,p 

S = S+ Ad,a 

C=C+1 

Avga = S/C 

For a = 1 to K 

For d = 1 to N 
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Weightd,a=Ad,a/Avga 

For a=1 to K 

SumWeight=0 

For d=1 to N 

SumWeightd= SumWeightd+ Weightd,a 

For a=1 to K 

For d=1 to N 

ModeratedWeightd,a= Weightd,a/ SumWeightd 

 

The moderated weight is calculated to understand the importance of each activity for a developer. 

Overall rating is derived from multiplying the moderated weight with the value of cube rating cells as 

shown in Algorithm 3. We now elaborate Algorithm 3 with an example. For example, consider <0.6, 

0.1, 0.3> as the moderated weights for a developer for three different type of activities. Further, this 

developer contributed in 2 projects and rates in her CubeRatings matrix for both the projects (based on 

all three activities) are <<2,3,3>, <5,1,2>>. By applying algorithm 3, we get <<0.6*2+0.1*3+0.3*3>, 

<0.6*5+0.1*1+0.3*2>> which results into <2.4, 3.7> as overall rating of this developer for these two 

projects. However, if we consider equal weights (for each activity) we get <(2+3+3)/3, (5+1+2)/3)>, or 

<2.67, 2.67>for both the projects. We see that with equal weights, both projects are ranked at the same 

level (<2.67, 2.67>) whereas by considering developers’ preferences for different activities (Algorithm 

3), second project is ranked higher (<2.4, 3.7>). Overall ratings can be calculated using equation 4.9. 

Where the CubeRatings function represents the calculated rate on activity a in project p for developer 

d (refer to formula 4). Wd,a demonstrates the weightage for activity a for developer d, as shown in 

equation 8. We have proposed a generic form, but our approach is modular and can adopt to any 

different approach for estimating weights, such as equal weighting for each activity. The OR function 

populates the cells of OverallRating matrix. 

 (4.9) 

Algorithm 3 shows the calculation of Moderated Rates while different criteria for developers’ interests 

applied on their activities.  

Algorithm 3: Multi-Criteria Overall Rating Calculation 

Inputs:  
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Developers (List of Developers with size N) 

Prjs (List of Projects with size M) 

Activities (List of Developers’ Activities in GitHub Projects) 

ActivityTypes (with size K) 

ModeratedWeight (Matrix N*K of Developers’ Weight for Each Activity Type) 

CubeRatings (Cube N*M*K of Developers’ implicit rates for Projects in each Activity) 

Output: 

OverallRatings (Matrix N*M of Developers’ overall rates for Projects) 

Procedure: 

For each activitym in ActivityTypes 

For each developera in Developers 

OverallRatingsa,b = 0 

For each projectb in Prjs 

OverallRatingsa,b = (OverallRatingsa,b + (ModeratedWeighta,m * 

CubeRatingsa,b,m )) 

 

We now illustrate our Algorithm 1 via an example. Figure 4.7 shows the main steps of applying 

Algorithm 1. In follows, we show steps for generating an ActivityRatings matrix (see Algorithm 1) for 

one activity. As shown in Algorithm 1, there is one ActivityRatings matrix for each activity. 

CubeRatings matrix is just accumulation of all these ActivityRatings matrices (see Algorithm 1). 

CubeRatings matrix is then multiplied by moderated weights matrix to generated OverallRatings (see 

Algorithm 3). 
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Figure 4.7. An Illustrative Example of Algorithm 1 

We start by collecting data on developers’ specific type of activity, e.g., commit on projects, from 

previous five quarters (Table 1, Figure 4.7). Let’s say that we have collected data for five quarters (time 

periods), from Q1 (t=1) to Q5 (t=5). Our goal is to compute implicit project ratings at the end of quarter 

5 (Q5). In Table 2 of Figure 4.7, linearly discounted activities are calculated using equations 4 and 5. 

For example, in Table 2, the discounted activity for Dev_A, Prj_K, in Q1 is 17.4 (87/(5-1+1)) and the 

discounted activity for Dev_A, Prj_K, in Q2 is 8 (32/(5-2+1)). In the next stage, we group all the 

discounted activities for developers (Table 3a) and projects (Table 3b) separately to capture their trend. 

For example, in Q1, Dev_A has done 22.4 (17.4+4.6+0.4) discounted activities across three projects, 

K, L and M (Table 3a). Similarly, there were 18.2 (17.4+0.8) discounted activities in Proj_K from all 

the developers (developers A and D) in Q1 (Table 3b). We also calculate the average contribution 

(discounted activity) from developer and project perspective. For example, developer A worked on 3 

projects and her average contribution on a project was 81.9 (last column of Table 3a). We performed 

similar calculations in Table 3b for projects. In fourth step (Figure 4.7, Table 4), we aim to estimate 

developers’ relative performance on each project. We first divide the total activity of a developer on a 

project by the average of activities on that project. For example, we divide developer A’s total activity 

on project K (198.7, first row, last column of Table 2) by average contribution on project K by any 

member (100.3, first row, last column of Table 3b), which results into 1.98 (198.7/100.3), and is shown 

in the first row and column of Table 4. This means, that developer A’s contribution on project K is 

almost double of the average contribution on project K during this period (Q1-Q5). We now do similar 

calculation for all the projects for developer A. We sum up all the relative activity/project for all the 

developers. For Dev_A, it results into 3.18 (1.98+1.06+0.14) as shown in Table 4 of Figure 4.7. We 

now divide developer A’s relative preference for all projects by this total (3.18 for developer A) as 
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shown in Table 4 of Figure 4.7. The highest value is the most interesting project for a developer, is rated 

as 5 and rest are scaled accordingly. Since we used commit activities for this example, the outcome of 

this exercise is a ActivityRatings matrix (Table 5, Figure 4.7) for commit activity. We generate similar 

ActivityRatings for all eight activities (2 for social, 3 for technical and 3 for collaborative). All these 

eight ActivityRatings put together form the CubeRatings matrix (see Algorithm 1). CubeRatings is a 

three-dimensional matrix which is multiplied with ModeratedWeight matrix (Algorithm 2 and 3) to 

generate the OverallRatings matrix, which is two dimensional with developers and projects as two 

dimensions. The OverallRatings matrix is an input to a CF recommender system.  

 

Figure 4.8. Illustration of Algorithm 3 

Figure 4.8 schematically explains how ModeratedWeight matrix (Algorithm 2) is applied to 

CubeRatings to generate the OveralRatings. Table 1 in Figure 4.8, shows developers’ perceived interest 

in each activity (ModeratedWeight matrix). These weights are applied to the CubeRatings matrix (see 

Algorithm 3) to generate the final OverallRatings matrix (Table 3, Figure 4.8), which is the main 

contribution of this study. We design an artefact for implicitly rating projects based on developers’ 

social, technical and collaborative activities across different projects.  These rating (OverallRatings) are 

used for recommending projects to OSS developers. We now discuss the data and evaluation of our 

proposed artefact.  

 

4.5. Data Collection  
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We collected data from GitHub, which is the largest open source software repository. As of 2021 

GitHub has more than 65 million users and 200 million of projects4. Although GitHub provides a 

RESTful API for data collection, currently, two main archives store and collect GitHub’s data in 

different formats. GhTorrent (Gousios 2013) and GitHub Archive (Grigorik 2012) provide different 

type of data access to GitHub. We selected GhTorrent (Gousios 2013) because it provides a regular 

SQL-based data dump along with MongoDB data dumps facilitating Big Data analytics needed for this 

study and  GhTorrent, it is the most used data set in GitHub analytics (Cosentino et al. 2017).  

We collected data on projects that were created between 13/1/2008 to 18/6/2015, which resulted into a 

total of 20,048,071 projects and 7,210,741 unique users. We report summary statistics in Table 4.1, 

which shows the size and diversity of the activities in OSS projects hosted on GitHub and therefore 

confirms the challenges for developers to find a suitable project.  

Table 4.1. A Summary of GhTorrent Data Dump 

First Date Last Date Number of 

User 

Number of 

Project 

Non-forked 

Projects 

(original) 

Avg(Project/Usr) Avg(Usr/Project) 

13/01/2008 18/06/2015 7,210,741 20,048,071 10,647,788 1.5072 3.2961 

Commit Commit 

Comment 

Issue Issue 

Comment 

Pull Request Pull Request 

Comment 

Follow 

260,619,933 2,017,971 18,895,174 32,304,278 7,946,946 4,312,419 7,022,950 

 

From this data dump, we remove personal, dead, forked and unreal projects (Kalliamvakou et al. 2014) 

resulting into a dataset containing projects that are original, and are not forked from any other project 

(Kalliamvakou et al. 2016). We removed all the public projects converted to private or deleted from 

GitHub. To reduce the size of dataset for evaluating our proposed artefact, we only focused on 

developers who joined the GitHub in a specific month (January 2012) and collected all their social, 

technical and collaborative activities on GitHub for a period of three years. We selected year 2012 

because GitHub got matured in year 2012 (Moqri et al. 2018; Nielek et al. 2016). Figure 4.9 shows the 

distribution of contributed projects by developers who joined in January 2012. This distribution follows 

a power law distribution. Figure 4.9 shows that more than 85% of contributors participated in 5 or fewer 

projects.  

                                                           
4 https://github.com/about 
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Figure 4.9. Distribution of number of contributed projects for GitHub members 

Further analysis of this data showed that developers who work on 5 or more projects, contribute (in 

terms of commits) almost five times higher than those who work on 4 or less projects. In other words, 

the total number of commits by bottom 85% is about the same as the number of commits by top 15% 

developers. These statistics shows the influence of these active developers in the OSS community. Since 

developers’ contributions are key to success and survival of OSS community, we want to focus on top 

15% developers who do the heavy lifting in the community. Following this observation, we focus on 

these active developers to test our artefact. Note that these 15% are among the developers who joined 

GitHub in January 2012, a very small subset of the whole community. Our sample for evaluating the 

artefact contains 254 projects and 84 developers, which is the outcome of our data cleaning phase. Our 

sample size is comparable to other similar studies that have used data from GitHub (Blincoe, et al., 

2016).  We acknowledge that we have not considered developers’ activities/contributions outside of 

GitHub, which may affect their overall preferences. However, GitHub is by far the largest repository 

and adequately considers developers’ preferences, thus has been used in a large number of studies 

(Sarker et al. 2019; Vasilescu et al. 2016). 

As discussed earlier, we only focussed on developers with at least five projects in their baskets, to 

reduce the sparsity of the rating matrix. Rating matrix sparsity and cold start are challenging issues in 

collaborative filtering (CF) systems (Lam et al. 2008; Lu et al. 2015). We put a limit on the minimum 

number projects a developer works on, for following reasons. First, since we want to evaluate our 

approach with state-of-the-art techniques, we need to have a fairly populated project-developer matrix 

to make a meaningful comparison. Second, to employ collaborative filtering technique, we need to have 

some prior on developers' contribution to find similar/preferred projects. Third, developers participating 

in multiple projects are more active than others, and it is critical to recommend them suitable projects 

because they make the bulk of the contribution to OSS projects (Vasilescu et al. 2016).  
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Table 4.2. Correlation analysis for developers 

 Commit Commit 

Comment 

Issue Issue 

Comment 

Pull 

Request 

Pull 

Request 

Comment 

Following Followed 

By 

Commit 1 0.1978 0.1651 0.3661 0.4607 0.2425 0.0747 0.0878 

Commit 

Comment 

0.1978 1 0.2658 0.3854 0.2671 0.2484 -0.0101 0.0526 

Issue 0.1651 0.2658 1 0.2021 0.3002 0.1299 -0.0190 0.0522 

Issue 

Comment 

0.3661 0.3854 0.2021 1 0.5706 0.3100 0.0337 0.0991 

Pull 

Request 

0.4607 0.2671 0.3002 0.5706 1 0.4159 0.0472 0.1393 

Pull 

Request 

Comment 

0.2425 0.2484 0.1299 0.3100 0.4159 1 -0.0203 0.0854 

 

Following 0.0747 -0.0101 -0.0190 0.0337 0.0472 -0.0203 1 0.4102 

Followed 

By 

0.0878 0.0526 0.0522 0.0991 0.1393 0.0854 0.4102 1 

 

We collected quarterly data (Yamashita et al. 2016) because the average timeframe of minor releases 

in GitHub is approximately three months. However, our artefact is flexible to handle any duration. We 

report Pearson correlations of all selected activities for developers (Table 4.2) and do not find any high 

correlations. Table 4.3 illustrates the descriptive statistics of the sample dataset used for evaluation.  

Table 4.3. Data descriptive statistics (84 developers across 254 projects) 

Variable Description Mean Median Max Min 

Users per Project Number of users per project 12.60 7 295 4 

Projects per user Number of projects per user 6.92 7 9 5 

Commit per user Number of commits per user 35.77 0 768 0 
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4.6. Evaluation 

This study proposes a novel artefact for recommending OSS projects to developers. This artefact is 

presented in the form of an algorithm and implemented as a Proof-of-Concept (Gregor and Hevner 

2013; Iivari 2015) for evaluation purpose, using the real world data. For novel approaches and artefacts, 

proof-of-concept or prototyping is sufficient to validate the applicability of the proposed solution 

(Gregor and Hevner 2013). The proof-of-concept prototype of our personalized project rating 

mechanism is implemented by using MySQL R-DBMS and C# programming language. We have used 

RecommenderLab R package (Hahsler 2011) to check the accuracy of rating technique. We compared 

our approach with two general approaches- Popular item recommendation and Random item 

recommendation, which are available in RecoimmenderLab R package. Next section introduces our 

evaluation process in depth. 

Figure 4.10 introduces the evaluation process using holdout technique- Leave-K-Out (Cremonesi et al. 

2008). In this process, randomly selected data-points are removed from OverallRatings matrix. Then 

we use remaining data points in the OverallRatings matrix to predict the ratings (using 

RecoimmenderLab R package) that were randomly removed. The error rates are measured by 

comparing the predicted rates with the actual values. We illustrate this method via an example in Figure 

4.10. Step 1 in Figure 4.10 shows the OverallRatings matrix. From this matrix, developer B’s rating for 

project L and developer D’s rating for project M are randomly removed (see Step 2). We now use the 

remaining ratings in Table 2, Figure 4.10, to predict these randomly removed values and compare the 

predicted ratings with actual ratings to estimate prediction errors. Using 1-NN developers (first nearest 

neighbourhood) similarity metrics, developer B is similar to C and developer D is also similar to C (see 

step 3 in Figure 4.10). The prediction outcome would be developer B’s rating on project L as “3” which 

is equivalent to the actual rating (error =0). For developer D on project M the predicted rate is 5 resulting 

in the difference of “1” scale from the actual rating (see step 4 in Figure 4.10).  

Commit Comments per 

user 

Number of commit comments per 

user 

0.036 0 1 0 

Issues per user Number of issues per user 0.38 0 10 0 

Issue Comments per user Number of issue comments per user 4.12 0 221 0 

Pull Request per user Number of pull requests per user 13.49 0 492 0 

Pull Request Comments 

per user 

Number of pull requests comments 

per user 

1.81 0 120 0 
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Figure 4.10. Collaborative filtering evaluation process 

In this study, we have compared our proposed moderated OverallRatings with four baseline approaches 

based on Average, Max, Popular and Random computation methods. Note that we computed 

ActivityRatings matrix for each activity and then by using weights (preferences) for each activity, 

generated the OverallRatings matrix. In Average approach, we give equal weights to each activity to 

compute the OverallRatings matrix. The Max approach, considers the maximum rating among all 

different activities (from ActivityRating matrix) as overall rates. This approach only considers the 

ratings for the highest weighted activity and ignores the rest. In Popular approach, only most contributed 

projects are selected to compute OverallRatings. And finally, the Random approach, relies on randomly 

picked ratings. We analysed the accuracy of our approach by dividing our overall rating matrix into two 

sets. One for training and one for testing. We used different sizes of training and testing sets to test 

robustness of our results. We used following combinations of training and testing sets- 1) 70%, and 

30%), 2) 80% and 20%), and 3) 90% and 10%.  

We ran our test for 100 times to reach the consistent values for our measures. This iterative process is 

done because the training and testing sets are selected randomly and may show different values based 

on the sparsity of rating matrix in each division. Following literature in recommender systems (Ricci et 

al. 2011), we have used RMSE (Root Mean Square Error), MSE (Mean Square Error) and MAE (Mean 

Absolute Error) to test the accuracy of our approach. Table 4.4 shows the average values for each 

measure on different training and testing set splits. 

 

 

 

 

 

 

Dev_C is Similar to Dev_B 

Dev_C is Similar to Dev_D 

Prediction 
Dev_B, Prj_L ~3; Error= 0 

Dev_D, Prj_M ~5; Error= 1 
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Table 4.4. Evaluation result 

 Average Max Proposed Moderated-Approach 

 RMSE MSE MAE RMSE MSE MAE RMSE MSE MAE 

70-30 0.281 0.098 0.079 0.645 0.471 0.162 0.179 0.044 0.048 

80-20 0.307 0.114 0.096 0.736 0.689 0.229 0.185 0.054 0.059 

90-10 0.334 0.177 0.135 0.708 0.800 0.262 0.178 0.057 0.070 

 Popular Random 

 RMSE MSE MAE RMSE MSE MAE 

70-30 0.845 0.772 0.364 1.036 1.104 0.605 

80-20 0.848 0.816 0.385 1.075 1.209 0.641 

90-10 0.840 0.879 0.413 1.106 1.322 0.683 

 

Figure 4.11 graphically represents the average values for different approaches we tested, and it shows 

the lowest error rate for our proposed rating technique compare to others approaches. In Figure 4.11, 

the first chart on left shows RMSE, middle one illustrates MSE and right one MAE. Each chart shows 

results for all five approaches, from left to right: Average, Max, Moderated, Popular, and Random. 

 

Figure 4.11. Comparison of different recommendation techniques. 

The result of comparison shows that our proposed technique outperforms other approaches. The worst 

estimation belongs to the Random approach and the closer one to our proposed method is the Average 

approach. It is clear as we increase the size of training set from 70% to 90% the accuracy of predicted 

values decreases. We suspect that as testing set becomes smaller, (10%) the sparsity of matrix increases 

and affects the prediction accuracy. Note that our proposed approach does not suffer with this problem. 

We also observe that though Popular approach doesn’t perform better than our proposed approach, the 

performance of Popular approach is consistent (see Figure 4.11) for all the training and testing set 

combinations because one would get almost a similar set of popular projects in the all training-testing 
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set combinations and the popular metric is not a user-dependent metric. Figure 4.12 shows the boxplots 

of RMSE, MSE, and MAE for 100 cases captured for (80%, 20%) of each technique. Figure 4.12 shows 

the distribution and range of errors for all the evaluation methods. It is clear that our proposed moderated 

approach performs best among all. 

 

Figure 4.12. Different techniques comparison from left to right RMSE, MSE, and MAE 

Our collaborative filtering method used Z-score for rating matrix normalization, Cosine similarity is 

used to find the similarity of developers and K-Nearest Neighbourhood is used to find the K similar 

developers to the focal developer (Hahsler 2011; Ricci et al. 2011).  

From the implementation and complexity perspective, our approach is scalable and computationally 

efficient because the rating algorithm (Algorithm 1) can run in parallel on multiple machines. Running 

in parallel provides better performance as the numerator and denominator of the Rates function 

(Equation 7) are independent. Map/Reduce (Shang et al. 2010) is a good choice for processing different 

parts of Algorithm 1. We can apply Mapper function to calculate activities in different machines and in 

the reducer sum it up for developers and projects. Note that the X matrix is created only once and it just 

requires updating activities from the most recent time period. Based on the offline creation and 

calculation of X Matrix, this algorithm can perform well in the real-time high-performance 

recommendation. We can apply the same parallelism techniques for Algorithm 2 as well. 

4.6.1. Empirical Evaluation 

One pertinent question is what happens if a developer joins the project recommended by our artefact. 

To answer this question, we examine developers’ performance if they join the project recommended by 

our recommender system.  

Sample selection for this evaluation followed a similar criterion as discussed in Data Collection section. 

As earlier, we focussed on active developers, who work on more than five projects, and who joined 

GitHub in 2012 (Moqri et al. 2018; Nielek et al. 2016). To evaluate our artefact, not only we needed 

active developers, but also needed projects with enough socio-technical activities of developers, to run 

our recommendation engine. Note that rating matrix sparsity and cold start are challenging to and 
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collaborative filtering (CF) system (Lam et al. 2008; Lu et al. 2015) and thus are also a limitation of our 

approach.  

We used a sample of 17 active developers associated with 294 OSS projects. OverallRating matrix 

ranked 7 projects as high ranked and 12 projects as low ranked projects. Recall that developers are 

recommended to join high ranked projects and not recommended to join low ranked projects. We find 

that developers who joined high ranked projects, were among top 17% of developers in those projects 

based on their contributions. Further, in the first year of joining these projects, developers’ contribution 

on these projects was higher compared to developers’ total contribution on rest of their projects. In 

contrast, developers who joined low-ranked projects, were below average in terms of contributions on 

the project they joined. Further, their overall contribution to these projects was lower than other projects 

they were associated with. These findings suggest that developers joining our recommended projects is 

a win-win for both, the developers and the projects.  

 

4.7. Robustness Checks 

To test the robustness of our proposed approach, we perform two robustness checks, first by changing 

the dataset for evaluating the artefact and second by the changing the measurement of socio-technical 

activities. We describe them next.  

It is possible that performance of our method was driven by our sample that was based on developers 

joining GitHub in a particular month (January 2012). To address this concern, we collected another 

dataset for developers joining in January 2013 and followed same selection criterion as discussed in 

Data Collection section. Further, we also changed the time interval for calculating developers’ social, 

technical and collaborative activities. Instead of using quarterly activities of the developers, we used 

six-monthly data. This dataset resulted into 237developers and 41 projects. We find that though our 

moderated approach still performed the best, but error rates were slightly higher compared to our results 

using quarterly data in the earlier dataset. Again, in this case, Average approach was next best after our 

proposed approach. We don’t report results here for brevity. 

Recall that to measure developers’ socio-technical activities, prior literature has focussed on six activity 

types- commit, issues and pull request as technical activities and commit comments, pull request 

comments and issue comments as social activities. Following the literature in software engineering 

(Xuan and Filkov, 2014), we added following and followed by as social activities and termed commit 

comments, pull request comments and issue comments as collaborative activities. Thus, we expanded 

the measurement of socio-technical activities (8 activities) to social, technical and collaborative 

activities (see section Overall Framework). To test the robustness of our proposed approach, we also 

performed the evaluation of our artefact based on the older measurement of developers’ socio-technical 
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activities (using only 6 activities). We find that the error rate was slightly higher; however, it was 

expected because we ignored two activities (used 6 as opposed to 8). These results underscore the need 

of using developers’ social activities (following and followed by) to measure their socio-technical 

activities in OSS projects.  

 

4.8. Conclusions and Future Work 

Literature in Open source software looks at OSS projects as an outcome of developers’ socio-technical 

activities. Indeed, software development and OSS in particular is an outcome of co-creation which 

requires lot more than developers’ hard technical skills. Recent studies confirm that along with technical 

skills, developers’ social skills are also looked at before they get accepted in OSS projects (Gharehyazie 

et al. 2015).  

Scholars agree that while developers contribute to many OSS projects, they certainly prefer some 

projects more than others (Hahn et al. 2008; Jarczyk et al. 2014; Tsoy and Staples 2018; van Osch et al. 

2011). Further, not only they have different preferences for these projects, there preferences change 

over time, partly because both developers and OSS projects evolve over time (Happel and Maalej 2008; 

Robillard et al. 2014). Building on this this literature, we argue that developers’ activities/contributions 

to OSS projects reveal lot more than mere associations with these projects. We argue that a detailed 

look at their activities/contributions on OSS projects can unlock the secret and can reveal the extent and 

evolving nature of their preferences for projects, based on, how much, how often and what they 

contribute on these projects. We address these issues by developing an artefact that can recommend 

projects to developers as we discuss next.  

This study presents a framework for developing a personalized OSS project ranking mechanism for 

developers. Our framework proposes to use developers’ historical activities/contributions on social 

coding platforms such as GitHub, to create an implicit feedback rating mechanism for the projects they 

contributed. Developers’ activities on these social coding platforms are transparent and therefore 

support the viability of the proposed framework and ranking mechanism. Since these rankings are 

personalized for each developer based on their contributions, these project rankings are then used for 

recommending OSS projects to developers using collaborative filtering (CF) technique. This 

recommender system is expected to match interested developers to projects in a way to reduce 

developers’ attrition (Steinmacher et al. 2015) and project failure (Schilling 2012) which has threatened 

the growth and sustainability of OSS ecosystem in recent years.  

The OSS project recommendation that we propose, is a multi-criteria decision-making (MCDM) 

problem. The project recommendation is built on developers’ interest/contribution in social, 

collaborative and technical activities. On one side, we considered the temporal changes in developers’ 
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contributions over time, in terms of projects and activity types. And, on the other side, we considered 

the changes in projects’ internal activities over time.  

Overall, this study makes two main contributions to the literature. First, we propose to categorize 

developers’ activities/contributions as Social, Technical and Collaborative activities. Existing work 

categorizes these activities as either social or technical. We add a new category- collaborative activities. 

Prior work has discussed the importance of developers’ socio-technical activities in OSS ecosystem but 

literature is scattered with often contradictory findings/recommendations on categorization of these 

activities (Moqri et al. 2018; Sarker et al. 2019). We propose a coherent categorization of these activities 

based on literature in software engineering.  

Second, we develop an artefact to generate personalized project rankings for developers. Since 

developers do not directly rate projects, we use developers’ historical contributions via social, technical 

and collaborative activities across different projects to capture their preferences and create implicit 

feedback ratings. Ratings are moderated based on the proposed multi-criteria decision-making approach 

to compute the overall moderated ratings of projects. The moderated overall ratings are an input to a 

collaborative filtering recommender system. As a proof-of-concept, the proposed approach is evaluated 

based on a real longitudinal dataset of OSS projects and developers hosted on GitHub. We compared 

the proposed rating method with other possible state of the art approaches and find that our approach 

shows high accuracy in term of distance between real and predicted data. Our contributions are 

presented in the format of three algorithms and implemented as a prototype application. 

However, similar to other studies this research has some limitations, which are discussed next. First, 

the dataset comprises of developers’ activities only on GitHub while developers may have contributed 

to projects hosted on Bitbucket, GitLab, SourceForge or other repositories. Although adding these 

repositories may provide a more complete dataset of developers’ activities, it may not affect this study 

for following reasons.  1) A change in the dataset does not affect the design our project ranking 

mechanism, the main contribution of this study, 2) GitHub is by far the largest repository, which means, 

GitHub data can provide dominant patterns in the OSS community, 3). We have focused on GitHub 

data since 2012, when it was accepted as the most matured OSS repository (Moqri et al. 2018; Nielek 

et al. 2016). Further, the prospect of using a third party data integrator such as OpenHub (Ohloh) is not 

helpful because Ohloh only collects data on a small number of OSS projects which is not comparable 

with size and scale of GitHub and not all the GitHub contributors are listed on Ohloh and therefore, 

GitHub data has been used in many studies (Cosentino et al. 2017; Sarker et al. 2019). 

Second, Collaborative filtering is sensitive to the matrix sparsity and as we have used the general 

collaborative filtering technique in this study, this study may also suffer from this problem. Matrix 

factorization and model-based techniques such as clustering (Ricci et al. 2011) may help in this 
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situation. We need to evaluate the quality of proposed rating approach in the sparse cases with the 

mentioned techniques.  

Third, similar to other pure user-based collaborative filtering technique this artefact may face cold start 

problems with (Lam et al. 2008) new projects and developers with the low historical background. Future 

research aims to use the combination of knowledge-based recommender systems and model-based 

techniques to address this limitation.  

Fourth, we have evaluated our proposed model with the limited number of GitHub projects and 

developers as a proof-of-concept. We only selected developers who contributed to at least 5 projects to 

overcome the cold-start and sparsity issues of collaborative filtering. However, cold-start and sparsity 

are always challenging in any collaborative filtering based recommendation system (Adomavicius and 

Tuzhilin 2005). Further, we argue that using this same dataset, our approach outperformed other 

baseline approaches. 

Fifth, in recommending projects to developers, we didn’t account for developers’ preferences in 

programming languages, topics, licenses and prior ties, etc. We argue that we indirectly account for 

these by using collaborative filtering approach.  

And finally, the sample size used for the proof-of-concept may be small, however, it is comparable to 

other studies (Blincoe, et al., 2016). Note, that our dataset is small because the period of data collection 

is also restricted. To address this issue, we have evaluated our artefact with other datasets to validate 

our proposed technique. 

In summary, we argue that while extant literature has investigated how developers’ prior ties with other 

developers affect their decision to join an OSS project (Hahn et al. 2008), we add to that literature and 

develop a recommender system that recommends projects considering developers’ preferences and 

projects’ goals beyond developers’ ties with other developers. In future research, we aim to merge this 

approach with knowledge based and content-based techniques to develop a hybrid recommender 

system. Future work can also use social connectivity to measure similarities among developers. Another 

possible extension to the current method would be applying model-based technique such as clustering 

on developers to reduce the matrix sparsity and cold-start problem. 
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Chapter 5: Open Source Strategies for Newcomers and Developers 

Attraction 

Paper 3: Determinants of Newcomers’ Supportive Strategies and Strategical Decisions on Open 

Source Projects Success: A Longitudinal Study of a Social Coding Platform 

Abstract 

The antecedents of open source software (OSS) success have been investigated in the previous studies. 

OSS projects success is highly dependent on volunteers’ contributions. OSS projects should attract 

newcomers and experts to be successful. This paper extends the literature by focusing on the role of 

newcomers’ supportive strategies on the success of open source projects. A longitudinal dataset of 1069 

projects from GitHub is used to test the research model empirically. Different aspects of OSS success 

are considered in this study. The result of panel data analysis shows the significant and positive impact 

of applying newcomers’ supportive strategies on projects’ success over time. Besides, this study 

investigates the effect of programming language diversity, license choices and project originality on the 

OSS projects’ success. The outcome of this study provides managerial and practical insights for OSS 

practitioners and researchers. This study reveals the importance of strategical decisions on the success 

of OSS projects.  

Keywords: Open Source, Newcomers, Project Success, Social Coding, Programming Language 

Diversity 

 

5.1.  Introduction 

The fast growth and success of open source software (OSS) have attracted researchers and practitioners’ 

attention to this phenomenon in the last few decades. The success and benefits of open innovations and 

crowdsourcing forced many commercial companies such as Microsoft, Google, and Facebook to join 

the open source community (Fitzgerald 2006). These companies are supporting a large set of projects 

on GitHub as the largest OSS repository. Although few OSS projects such as Linux, Open Office, R, 

Apache, AngularJS, and MySQL reached a high level of success and reputation in the market, a vast 

majority of projects are failed without any success. This fact introduces a range of studies in information 

systems to analyse the main antecedents of open success and failure (Crowston et al. 2006; Ghapanchi 

et al. 2011; Midha and Palvia 2012). The survival of Open source projects as a subclass of virtual 

communities depends on their volunteers and newcomers participation (Schilling et al. 2012). Attracting 

newcomers and supporting them during their joining process is vital for OSS project survival 

(Steinmacher et al. 2012; Von Krogh et al. 2003). Many newcomers face different challenges and 
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barriers in their initial contribution to OSS (Steinmacher et al. 2015). Some of these challenges are 

related to projects strategies and attributes and some are related to the newcomer’s socio-technical 

issues (Steinmacher et al. 2015). Code complexity, lack of documentation, and outdated documents 

cause contribution issues for newcomers (Steinmacher et al. 2015). Project owners are looking for 

talented and skilled contributors and newcomers to enhance the chance of success (Hann et al. 2004; 

Hertel et al. 2003). Despite the importance role of newcomers in OSS success, the role of strategical 

decisions to support newcomers in not studied appropriately. This study investigates the role of adapting 

and implementing newcomers’ supportive strategies in open source projects on different project success 

aspects. Drawing on organizational socialization theory (Bauer and Erdogan 2011), organizational 

efforts and strategies facilitate newcomers’ adjustment and affect the performance. Also, it is important 

for a project to define its strategies to attract developers and contributors to the projects (Schilling 2012). 

Then the main research question of this study is “What is the role of newcomers’ supportive strategies 

and strategical decision on the success of the OSS project over time?”    

Researchers applied different theories and methods on various open source projects to determine the 

main antecedents of success. Social capital theory (Dissanayake et al. 2015), Information system 

success (Crowston et al. 2006; Delone and McLean 2003), organizational theory (Temizkan and Kumar 

2015), coordination theory (Crowston et al. 2005), competency rallying (Ghapanchi and Aurum 2012a), 

Cue utilization theory (Midha and Palvia 2012), and social network theory (Grewal et al. 2006; Singh 

et al. 2011) are applied on different sample sizes of OSS projects to find the success factors. Although 

few studies applied longitudinal data analysis (Midha and Palvia 2012; Subramaniam et al. 2009), most 

of the literature relies on cross-sectional data. In this paper, we have collected longitudinal data of OSS 

projects hosted on GitHub as the largest repository of open source projects for an empirical analysis of 

OSS success. GitHub is a modern social coding platform that facilitates social communication among 

OSS contributors and general coding practices. Compared to the large set of OSS success studies 

focused on SourceForge (Crowston et al. 2006; Subramaniam et al. 2009), FreshMeat (Stewart et al. 

2006) and Ohloh (OpenHub) (Yang et al. 2013) data, this study collected longitudinal data of 1,069 

OSS from GitHub for two years after their creation. Using GitHub enables us to refine the success 

factors based on new measures of OSS projects in a social coding environment (Dabbish et al. 2012). 

GitHub projects’ socio-technical data provides more features to evaluate the activities and contribution 

of developers and projects (Tsay et al. 2014). This study’s outcome can help the project owner define 

the right strategies for their project initiation phase. Furthermore, open source contributors may benefit 

from this study to predict the success level of projects they are contributing to them regarding its initial 

status. 

In addition, investigating the role of newcomers’ supportive strategies as the main contribution of this 

paper, we argue that diversity of programming languages used in an OSS project code-base enhances 

the chance of success by attracting developers with a different skillset. Cultural and linguistic diversities 
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effect has been already studied in the literature (Daniel et al. 2013; Daniel et al. 2018); however, we 

have analysed the effect of more technical type of diversity in OSS projects. Also, in GitHub, projects 

can be funded based on other repositories content with the forking feature of this platform. The forked 

projects borrow their code base from original project. We argue these forked projects have less chance 

to survive than others as the main projects already exist for a while and attracting attention requires 

more activities and novel competitive strategies. The unit of analysis in this study is OSS projects.  

The majority of studies in OSS success and popularity have applied similar measures for assessing 

success. To assess the technical success, CSV commits, resolved bugs, file changes, LoC (Line of Code) 

are used as major measures in OSS studies (Ghapanchi et al. 2011; Grewal et al. 2006; Von Krogh et 

al. 2012). Also, literature evaluates the survival of projects based on the number of contributors they 

have gained and project size in terms of members (Stewart and Gosain 2006; Subramaniam et al. 2009). 

On the other side, projects’ market success is also considered based on the download rate, page views, 

and subscribers to the news list (Midha and Palvia 2012; Stewart et al. 2006). In this study, we borrowed 

the technical success measures from the literature. However, as GitHub provides a new feature of 

starring (Similar to Facebook’s Like) a project, we have employed this measure for the success and 

popularity across the community members. Starring shows the level of interest of the GitHub members 

in a project. Compared to download and page view (the standard measures in literature), this is only 

one-time activity, and it does not reflect repeated and redundant activities in our dataset. Also, we have 

investigated the interrelationships among the proposed success measures over time. Only a few studies 

considered the interrelationships of success factors (Ghapanchi 2015; Subramaniam et al. 2009). Along 

with novel contributions of this study, the closest study to this paper based on the methodology and 

structure is (Subramaniam et al. 2009), which applied panel data analysis on SourceForge data to 

determine the OSS projects success factors. This study contributes to literature by investigation of the 

role of newcomers’ supportive strategies on the success of OSS project in the OSS community.  

The remainder of this paper is organized as follow. A brief literature review is presented in the next 

section. Section 3 explains the theoretical background of this study. In section 4, the research model 

and hypothesis are presented. The data collection process is introduced in section 5. Next, applied 

variables and measurement techniques are discussed. Exploratory data analysis is demonstrated in 

section 7. The result of panel data analysis is reported in section 8. Afterwards, the limitations of this 

study are summarized. Finally, the study is concluded in the last section. 

 

5.2. Related Works 

Scholars have become interested in success analysis of open source projects by the growth of interest 

in OSS phenomena. OSS projects’ success and quality of OSS projects are categorized in performance 
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factors in OSS literature presented in (Aksulu and Wade 2010). Although the measures presented in 

information systems success theory (DeLone and McLean 1992) is widely adopted for the analysis of 

commercial software success, this theory does not fit for open source project based on their volunteer-

based nature (Crowston et al. 2006). To overcome the issue with IS success model, Crowston, et al. 

illustrated a 3-step process model on top of IS success model. In addition, in the last few decades, 

researchers investigate OSS projects’ success with other theoretical perspectives. Some studies applied 

the social capital and social network theory. With this perspective, they generally tested the effect of 

team members connections, collaborations and interactions on the success of projects in terms of more 

coding activities (Singh et al. 2011), task completion (Chou and He 2011), and market success (Grewal 

et al. 2006; Wu and Goh 2009). Using social network theory, studies look at projects as a graph of 

connected projects and developers based on their affiliations (Grewal et al. 2006; Singh 2010).  

Along with abovementioned theories, researchers borrowed theories from different disciplines to study 

the concept of OSS success. Coordination theory is applied to reflect the success of OSS project due to 

interdepend activities of OSS contributors (Colazo and Fang 2010). Theory of competency rallying is 

used to demonstrate the OSS success based on handling bugs and feature requests in OSS projects 

(Crowston and Scozzi 2002; Ghapanchi and Aurum 2012a). For analysing the OSS project success, Cue 

utilization theory is adapted to show the differences among developers’ interest and end-user interests 

as success factors (Midha and Palvia 2012). Organizational theory investigates OSS projects as virtual 

organizations (Chengalur-Smith et al. 2010). Scholars have drawn their studies on this theory to see the 

effect of team size and project age (Chengalur-Smith et al. 2010) on OSS success. Open source 

development is a socio-technical process (Bird et al. 2009; Mens et al. 2017; Sarker et al. 2019). It is 

important to consider the role of socialization in the success of OSS projects. Socialization practices 

studies can enrich understanding of OSS development process.  This study has drawn the main model 

based on organizational socialization theory (on-boarding theory) (Bauer and Erdogan 2011). This is 

the first study that applied this theory on OSS project success to the best of our knowledge. Socialization 

issues are one of the major newcomers’ barriers in the OSS community (Steinmacher et al. 2015). 

Socialization theory addresses the project success by defining newcomer’s supportive tactics. 

The literature of OSS project success has used different measures as a proxy for success. A taxonomy 

of open source project success measures has defined five aspects for OSS project success (Ghapanchi 

et al. 2011). These aspects are widely adapted in OSS and software engineering literature. User Interest 

is measured through downloads, subscribers, mailing list participants (Stewart et al. 2006; 

Subramaniam et al. 2009). Project activity is measured by code commits, LoC changes, files added, 

releases and patches (Singh et al. 2011; Subramaniam et al. 2009). Project effectiveness is measured 

with task completion rate and attracted developers (Stewart and Gosain 2006; Subramaniam et al. 2009). 

Project efficiency is measured by comparing the output with input through decision-making models 

such as DEA (Data Envelopment Analysis) (Ghapanchi and Aurum 2012b). Finally, project quality 
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aspects measure testability, code quality, modularity, and documentation (Crowston et al. 2006). In this 

study, we have extended the user interest measures by measuring popularity among community member 

through the social networking features of a hosting platform.  

Literature has introduced the importance of diversity in open source project success (Daniel et al. 2013; 

Daniel et al. 2018). Diversity in contributors expertise (Daniel et al. 2013), translated languages (Midha 

and Palvia 2012), in roles (Daniel et al. 2013), technical tools (Singh et al. 2011), cultural (Daniel et al. 

2013), routines (Robinson et al. 2016), focused market (Israeli and Feitelson 2007), and communication 

language (Daniel et al. 2018) effects are studied in OSS success. To contribute to literature, we have 

added a new type of diversity as programming languages diversity effect on the success of OSS. Also, 

in this study, we have investigated the success difference between original projects and forked projects. 

Forking is an accepted practice in the OSS community which is not studied well (Gamalielsson and 

Lundell 2014; Jiang et al. 2017). Project owners and decision makers can decide to start a project from 

scratch or fork one of the existing ones and modify based on their strategies.   

Attracting newcomers is vital for OSS projects. Many OSS projects fail as they cannot attract and retain 

newcomers (Schilling et al. 2012; Von Krogh et al. 2003). Newcomers deal with different challenges 

on their initial activities (Steinmacher et al. 2015; Zhou and Mockus 2015). Some of these challenges 

refer to newcomers socio-technical skills; some of the challenges are related to project strategies, and 

some may fit in between (Steinmacher et al. 2015). As the newcomers play a vital role in the OSS 

community, an organization such as OpehHatch.Org provides the supportive plan for newcomers to 

mentor them. Some tools such as Hipikat helps newcomers to find the related documents and 

information in OSS projects (Cubranic et al. 2005). The on-boarding phase is facilitated by 

recommending tasks and mentors (Canfora et al. 2012; Steinmacher et al. 2012) to open source 

developers using mining software repositories techniques. Providing joining scripts, finding a suitable 

task, and removing contribution barriers are important items for joining newcomers in OSS 

(Steinmacher et al. 2015; Von Krogh et al. 2003). In this study, we have analysed the role of applying 

these strategies to OSS projects’ success.   

 

5.3.  Theoretical Background 

Open source community is highly dependent on volunteers’ contributions (Schilling 2012; Steinmacher 

et al. 2015). The survival of an OSS project relies on attraction of newcomers. However, many of these 

newcomers refuse to continue their contributions to OSS projects as they face several issues 

(Steinmacher and Gerosa 2014; Steinmacher et al. 2015). Thus, it is important for project leaders to 

employ strategies to support and engage newcomers in their initial contribution. Socialization theory in 

organizational science (Bauer and Erdogan 2011) addresses the importance of organizational efforts 
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and tactics on newcomers performance and satisfaction. In the socialization process a newcomer 

acquires knowledge about the project (Van Maanen and Schein 1977). In OSS literature, socialization 

theory is employed to address the effect of community support and newcomers socialization on 

newcomers performance (Carillo et al. 2017). In this study, socialization theory explains how OSS 

newcomers’ supportive tactics affect the success of the project in attracting contributors and community 

attention. To the best of our knowledge, this is the first study in OSS project success stream which has 

employed socialization theory.  

OSS project needs to gain newcomers attentions (Choi et al. 2010). According to impression 

management (IM) theory, the organization needs to present itself to reach their goals (Highhouse et al. 

2009; Schniederjans et al. 2018). Newcomers require to find project details, on-boarding guidelines and 

feasible tasks. Based on IM theory, projects should provide this information to attract newcomers and 

perform and consequently perform successfully. First impression management importance is applied in 

OSS literature (Choi et al. 2010). 

Furthermore, we have employed signalling theory (Connelly et al. 2011; Ho and Rai 2017; Tsay et al. 

2014) to explain how the project leaders on license choice selection, adapted programming languages, 

and ideological decision affects developers and community interest to a project. Based on signalling 

theory signallers (projects) sends signals to receivers (developers) to help them in their evaluations and 

decision makings (Link and Germonprez 2018). Signalling theory was used in OSS literature to explain 

how code quality motivates expert developers to continue their collaboration (Ho and Rai 2017). This 

theory addresses how OSS project activities send signals to potential adaptors (Setia et al. 2020). Also, 

developers use their expertise and reputation to send signals to potential recruiters (Roberts et al. 2006). 

Signalling theory clarifies how diversity and inclusion in OSS projects attract OSS developers to 

contribute to a project (Link 2019). Figure 6.1 illustrates maps the research model of this study the 

signalling theory and socialization theory. This hybrid theoretical framework is combined of above-

mentioned theories and their implications in the process of this study. 
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Figure 5.1. Theoretical framework 

5.4. Research Model and Arguments 

The open source community scholars defined the concept of success in different ways. The measures 

such as code CVS commits, changed files, releases and patches frequency, and bug fixing time are 

applied by researchers to evaluate the success in terms of activities (Singh 2010; Subramaniam et al. 

2009; Wu and Goh 2009). The success is also measured by the chance of attracting new contributors 

and retaining them as the valuable assets for a volunteer-based paradigm (Stewart and Gosain 2006). 

The success of projects could be measured by the level of users and community members’ interest in a 

project in terms of downloads, subscribers and page views. We have modelled our study based on 

combining of all these factors and interrelationships of success measures in a longitudinal manner. We 

have divided the projects’ attributes into time-variant and time-invariant attributes following 

(Subramaniam et al. 2009). A limited number of studies considered these attributes together (Piggot 

and Amrit 2013; Subramaniam et al. 2009). Also, to check the causal effect of attributes, we used the 

lagged data of previous cumulative values of time-variant factors on the success measures. Our research 

model is presented in figure 6.2. Compared to (Subramaniam et al. 2009), we used the longitudinal data 

of GitHub social coding platform, and we measured the success of the project across the community 

members with an unique approach. Also, as the main contribution of this study, we have considered the 

role of supportive strategies for newcomers on OSS projects’ success. Furthermore, we have considered 

the programming language diversity effect, organizational support and being a forked project (Project 
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originality) on OSS projects’ success. The main arguments of this study are discussed in the following 

subsections. 

 

Figure 5.2. Research model 

5.4.1. Time-Invariant Factors 

This study’s five time-invariant factors are license type having newcomers’ supportive strategies, 

diversity in programming languages, being a forked project, and organizational sponsorship. 

5.4.1.1. OSS License Type 

Choosing a license for a project is a critical task which can impact its success and popularity later. 

Licenses reveal the project owners’ perspectives regarding redistribution and modification of the OSS 

project. Some licenses are strongly protective such as GPL. Some licenses are permissive and open to 

any modifications such as BSD and MIT. In addition, another layer of licenses fit in between which 

means modifications are possible just under the same license type such as LGPL. The importance of 

license choice and restrictiveness is illustrated in the literature (Midha and Palvia 2012; Stewart et al. 

2006). However, In GitHub, many of the projects does not employ a license and some are using not 

well-recognised license type by the community. The projects under these two types are not studied well. 

In this study, along with general license categories, we have studied these two types as well. Generally, 

based on open source ideology (Stewart and Gosain 2006), open source developers prefer to restrict 

their works to be used commercially. Developers perform better while they think their contribution is 

legally protected and remains for the project. However, the community interest on the project is affected 
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by a license’s constraints, as they may not feel open to modification regarding legal implications.  Based 

on this view we have hypothesised 

H1a. In a social coding platform, OSS projects that use a permissive license will attract greater 

community interest over time than projects use a protective license 

H1b. In a social coding platform, OSS projects using a protective license will attract more developers 

with coding activities over time than those using a permissive license. 

5.4.1.2. Newcomers Supportive Strategies 

Open source projects are highly dependent on the volunteer contribution for their survival (Schilling et 

al. 2012). Projects may fail as they cannot attract newcomers and experts in the domain (Daniel et al. 

2013). Socio-technical barriers of project organization are challenging in the adjustment phase for 

newcomers interested in a project. The problem is finding a suitable task for initial contribution, lack 

of supportive feedback from community and lack of joining scripts and guides are listed as the factors 

affecting the newcomers’ performance in OSS community (Steinmacher et al. 2015). Based on the 

organizational socialization theory newcomers adjustment is dependent on organizational tactics and 

structured program to support in their earlier stages (Bauer and Erdogan 2011; Phillips et al. 2015; Saks 

and Ashforth 1997). As a result of adequate adjustment process, they could perform better, and the 

project will have a better outcome. In OSS projects while the project organizers facilitate finding a task 

for the newcomer, the process of task selection is getting more appropriate. Community members and 

developers can see more organized and supportive practices in a transparent ecosystem of social coding 

(Dabbish et al. 2012) and show their interest by higher involvement in project activities. Furthermore, 

by applying organizational socialization (on-boarding) theory on the open source project as a type of 

virtual organizations we have argued the following hypothesis. 

H2. In a social coding platform, OSS projects which employ newcomers’ supportive strategies will be 

more successful over time than those which does not apply these strategies. 

5.4.1.3. Programming Language Diversity 

Open source projects require the diverse level of expertise in its contributors to succeed both in market 

and developer attraction (Daniel et al. 2013). Also, a variety of resources and technology can affect 

success (Daniel et al. 2013). Diversity in cultural and language spoken and documented in a project is 

considered influential in success (Daniel et al. 2018; Midha and Palvia 2012). To being successful, 

projects can focus on diverse markets (Israeli and Feitelson 2007). In addition, while the external 

contributors of a project bring diverse and controlled technological skills to project, compared to what 

is used internally, it enhances the chance of success of a project in terms of activities (Singh et al. 2011). 

All of these pieces of evidence from the literature shows the importance of diversity in the success of a 

project. In this paper, we have focused of diversity in the programming languages used in a project. In 
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application development, different modules may be developed and integrated with different 

programming languages. We have argued that when a project implies diverse languages, it makes the 

border of project opener to more members. It can also integrate new ideas and architectures which may 

lead to the better quality and success of the project. Then our hypothesis regarding programming 

language diversities are 

H3. In a social coding platform, OSS projects consisting of different programming languages will be 

more successful over time than those that do not.   

5.4.1.4. Forked Projects 

Forking in the OSS community means creating a new repository by copying the content of another 

repository (Jiang et al. 2017). GitHub, as a social coding platform, facilitates this process. Projects are 

forked for many reasons which could be conflicts among team members (Gamalielsson and Lundell 

2014), the popularity of a project (Jarczyk et al. 2014), fixing a bug and keep a safe copy of project 

code-base (Jiang et al. 2017). Although the forked projects contain all the main branch content, it does 

not access the core members for further changes and should compete with the main branch for its 

survival if it aims to survive stand-alone. A forked project borrows the idea from the original project 

and manipulates it with another perspective. Then a forked project basis is not considered as original 

idea. Despite a few studies, the forking reasons and procedures are not studied well in the literature 

compared to other mechanisms in Open Source. In this study, we have argued the forked projects have 

less chance to survive in the following hypothesis.  

H4. In a social coding platform, the forked projects achieve less success over time than the original 

projects. 

5.4.1.5. Organizational Support 

Firms and organizations are involved in different aspects of OSS project development by supporting 

coding, testing, bug reporting, bug fixing, end-users support and financial rewards (Capra et al. 2011; 

Krishnamurthy et al. 2014). Although organizational sponsorship facilitates the projects, it may restrict 

project plans and structure by the forces implied by the sponsor (Stewart and Ammeter 2002). 

Generally, organization are looking for large and popular projects to involve (Capra et al. 2011). 

Projects which are funded and supported by an organization have more chance to survive rather than 

the ones are managed by individuals. 

H5. In a social coding platform, the projects with organizational sponsorship are more successful over 

time than the projects owned and managed by individual users. 

5.4.2. Time-Dependent Factors 
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In our research model, we have considered three time-dependent factors. Coding activities, community 

interest, and developers’ attraction until the previous period in our panel data are considered in this 

category. Their impact on project success measures is tested in the next period in our research model. 

These three factors are used as success factors in the next period. 

5.4.2.1. Coding Activities, Community Interest and Developer’s attraction  

The network effect in OSS projects can be appeared directly or indirectly (Subramaniam et al. 2009). 

In a direct effect when a project gets popular among the community members especially in a social 

coding platform their peers will be notified about it and trust on their interest (Blincoe et al. 2016). The 

social ties may also motivate contributors to join a project and contribute to it (Hahn et al. 2008). An 

indirect effect may be seen when other applications use an OSS project such as a library or framework 

and their popularity and growth effect attracts the broader range of attention to a project. Same may 

happen while add-ons, plugins, translations (Midha and Palvia 2012) are developed for a project and 

contributors get familiar with the main projects through them. They can help the focal project by 

reporting bugs, fixing bugs, resolving conflicts, and new feature implementation. This socio-technical 

network effects in a social coding platform, suggests that the lagged cumulative reputation and activity 

of a project impacts the values on the subsequent period.  

5.4.2.2. Interrelationship among Success Factors 

The dependency on project success measures are studied in the literature (Ghapanchi 2015). It has been 

illustrated that developer-base size of a project impacts the chance of popularity among end-users 

(Midha and Palvia 2012). The correlation of the developer’s motivations for commitment and the level 

of activities in a project is mentioned in (Subramaniam et al. 2009). The project activity correlation with 

developers’ interest in a project is investigated (Ghapanchi 2015; Subramaniam et al. 2009). Also, it is 

revealed by (Ghapanchi 2015) that there is an effect of the developer’s interest on the success of projects 

among end-users. All of these studies show that there is an interrelationship among these success 

measures. Similar to what is observed among end-users (Subramaniam et al. 2009), the community 

observes the projects trend on and activities in the current stage. Then, we have argued that the project 

activity and developer’s commitment affect a project’s popularity among community members on the 

same period. However, as developers participate in a project to gain a reputation among the community 

and send signals to potential employers (Von Krogh et al. 2012), the cumulative activities of a project 

and contributors on the previous period affect developers’ interest. Furthermore, emerging more 

contributors to a project on the previous period affect the next period’s level of activity. 

 

5.5. Data Collection 
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To form the panel data of OSS projects for the analysis of this study, we have collected data from 

GitHub. The limited number of OSS success studies on GitHub platforms in information systems 

literature motivates us to investigate OSS projects’ survival in this social coding platform. Currently, 

GitHub, with more than 65 million users and 200 million projects is the largest open source projects. In 

contrast with other platforms such as SourceForge and FreshMeat which are highly cited in the 

literature, it supports social networking features that can help OSS contributors to follow each other and 

show their interests in a project (Dabbish et al. 2012). Also, GitHub provides a general software 

development mechanism such as source control through Git, issue tracking, bug fixing, forking 

(cloning), and task management. Along with all of these benefits, GitHub provides a REST API to make 

data collection and remote project processing easier using Web Services. 

GitHub provides data from millions of projects, billion lines of code in various programming languages 

and the historical data of OSS contributors’ socio-technical activities across these projects. These 

characteristics make GitHub data a valuable asset to understand OSS community. To access and analyse 

GitHub data, this GhTorrent (Gousios 2013) has archived GitHub projects data in a structured format. 

However, as introduced in (Kalliamvakou et al. 2014), many of the projects are inactive, dead, or 

personal repositories, and it requires to be cleaned and pre-processed before analysis. We have 

developed an artefact in C# and MySQL to collect data and shape our panel data set. The conceptual 

framework of this artefact is presented in figure 6.3. It retrieves the main data from GhTorrent and for 

any other required data it calls GitHub API. The data collector components generate CSV files which 

are ready to be merged and analysed in R PLM package in the analyser component. 

 

Figure 5.3. Data Collector/Analyser Application Framework 

For the case of this study, we have collected data for each project during four continuous periods of six 

months activities (Totally two years). The reason for choosing six-monthly observations is that the 

major releases are taking six months on average (Yamashita et al. 2016). Then the selected time frame 
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contains major releases and worth to analyse and there would not be a lack of data. The smaller time 

frame may cause more null values, while a bigger frame may lose the project’s temporal dynamics. 

These projects are randomly selected from the listed projects registered on GitHub from January 2012 

to March 2013. We have collected data of 1,069 projects with at least five members to have a real sense 

of collaboration among contributors (Wu and Goh 2009). The project should have the main 

programming language. This criterion ignores document only or non-programming repositories. In 

general, our balanced panel data contains 4,276 rows of observations. The summary statistics of the 

panel data is presented in table 5.1. These values are shown for the overall panel and within-subject and 

between-subject levels. In this dataset, we have controlled the age effect on the project success as we 

have two-year data of each from its creation period. 

Table 5.1. Summary Statistics 

Variable Definition Variation Mean St. Dev Min Max 

PLangCnt Number of 

programming 

languages  

Overall 3.74 3.67 1 38 

 Between  3.67 1 38 

 Within  0 3.74 3.74 

Commits Number of 

commits 

Overall 434.41 1528.39 0 48123 

 Between  1310.55 0 31462.25 

 Within  212.95 183.65 676.02 

Committers Number of 

unique 

committers  

Overall 11.62 23.67 0 617 

 Between  20.62 0 267.75 

 Within  3.99 6.97 16.20 

Watchers Number of 

members 

interested  

Overall 74.14 284.69 0 3590 

 Between  281.86 0 3376.75 

 Within  10.53 61.11 86.11 

  

5.6. Measurement 

For this study, we have used the secondary data of the 6-monthly performance of projects hosted in 

GitHub for two years. To elaborate on the measurements used in this study, we go over each factor and 

its related OSS measures. To choose the right measure we have borrowed most of them from literature. 
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5.6.1. Dependent Variables 

We have operationalized developers’ attraction by the number of active committers (Committers) 

participating in a project (Stewart and Gosain 2006). OSS projects require technical contributors to be 

successful. Following the literature, we have measured the project activities on each period based on 

the number of the commits (Commits) on the Git repository (Singh et al. 2011). The more coding 

activities represent the contributors’ effort to keep the project alive and on-going. To measure the 

community interest in a project with the number of GitHub members who watched a project 

(Watchers). The watching activity is a predictor of the popularity of a project in a software engineering 

discipline (Borges et al. 2016). Community members show their interest in a project by adding it to 

their watch list. 

5.6.2. Independent Variables 

The license type forked projects and organizational supports are categorical data. For license type, we 

have three main categories of permissive, weakly protective and strongly protective (Stewart et al. 

2006), in addition to others (non-general licenses) and none (for projects without a license). We have 

categorized project to forked and original projects with a Boolean variable to measure the forked 

variable. We have applied the same type of measure for organizational support which shows that a 

project is supported or funded by the organization or individual users. 

For the case of newcomers’ supportive we have two measures. Both of the measures are categorical and 

binary. First, it is a common practice among project administrators in GitHub to label the bugs, issues 

and tasks inside a project. These labels can show different values including priority, duplication, 

similarities and complexity of an issue. Some projects are labelling open issues in a way it shows 

suitability for newcomers. We have investigated the common software engineering forums and GitHub 

to construct the list of labels used for newcomers. This list contains topics such as “Easy”, “Low 

Hanging Fruits”, “Starter”, “Beginner”, “Easy Fix”, “Newbies”, “Junior”, “Good First”, “First Timer 

Only”, “Beginner Friendly”, “Newcomers” and some more similar terms. In our measurement approach 

if a project used these labels for its task management, we consider it as newcomers supportive. This 

measure is represented by Is Supportive variable. Second, in GitHub project can provide a document 

on their Web pages which shows the process of joining and contributing to the project. These guidelines 

can be used by newcomers to get familiar with the work structure and commitment on the project to 

reduce the redundant and irregular activities. This guide is formatted in a file “CONTRIBUTING.md”. 

We look for this file’s availability on the project to shape the second newcomer’s supportive measure 

through Has Contributing File Variable. 

In our independent variables, we have the lagged data of all the dependent variables. The way of 

measuring is the same, just it is the cumulative value up to the previous period. In addition, we have 
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one more numeric variable which measures the programming language diversity. We have counted all 

the programming languages used in a project. The similar measuring approach is already used for 

cultural, translational and technical diversities in OSS (Daniel et al. 2013; Daniel et al. 2018). Table 

5.2. Briefly described the applied variables in this study. 

Table 5.2. Model variables 

Variable Name Description 

Commitst Number of code commits in OSS projects on Period t 

Committerst Number of contributors in OSS projects on Period t 

Watcherst Number of community members who are interested in OSS projects on Period t 

PLangCnt Number of programming languages used in OSS projects 

IsForked It is true if the project is forked from another project. 

IsSupportive It is true if the project uses issue labelling strategy for a newcomer. 

HasContribFile It is true if the project contains CONTRIBUTING.md file. 

LicenceType A categorical variable which shows the type of OSS license used in a project 

OwnerType It is equal to USER when the project is funded individually and ORG when an 

organization supports it 

 

5.7. Data Exploration 

To better understand of the data regarding the main contributions of this study, we have explored the 

dataset through statistical model and visualization techniques. First, the correlation matrix is presented. 

As we have panel data, and the values are changing over time, the general correlation technique may 

be affected by autocorrelation among lagged data. It is suggested to uses between subject correlation 

analysis for the this kind dataset (Gelman and Hill 2007). Table 5.3 presents the Pearson correlation 

matrix among projects. 

 

Table 5.3. Correlation matrix among projects (Between-subject) 

 1 2 3 4 5 6 7 

1. Commits 1       
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2. Committers 0.424 1      

3. PLangCnt 0.323 0.371 1     

4. Watchers 0.206 0.467 0.091 1    

5. IsForked -0.102 -0.049 -0.004 -0.119 1   

6. IsSupportive 0.157 0.205 0.103 0.191 -0.101 1  

7. HasContribFile 0.235 0.347 0.160 0.376 -0.154 0.336 1 

 

The correlation matrix shows that project performance and characteristics are not highly correlated with 

each other. The multi-collinearity would not be a concern on the variables selected in this study across 

projects. Next, the changes across the three main success factors over time are presented, showing the 

heterogeneity of data around these factors. Figure 6.4 represents this heterogeneity by showing the mean 

values and error bars representing either the standard error of the mean or 95% confidence interval. The 

figure shows the growing and linear trend on average values.  

 

Figure 5.4. Changes on project success factors over time (commits, watchers, and committers)  

To have a better view of project changes based on the categorical variables used as independent factors 

in our model, we have used boxplot analysis. These exploratory visual analyses can be aligned with our 

hypothesis on previous sections to be tested later.  Figure 5.5 shows the changes in success factors over 

time based on the IsForked value of a project. Dark blues are the projects which are forked. 
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Figure 5.5. Changes on project success factors over time-based on IsForked attribute (commits, 

watchers, and committers). Dark blues are forked projects. 

We have hypothesised according to the effect of newcomers’ supportive strategies on the success of 

OSS projects over time. Figure 5.6 demonstrates this fact across the projects over the years. Dark blues 

are showing the newcomer supportive projects which are using labelling strategies. It can be figured 

out of this figure; these projects are more successful over time. 

 

Figure 5.6. Changes on project success factors over time-based on IsSupportive attribute 

(commits, watchers, and committers). Dark blues are supportive projects. 

Projects with supportive plans for newcomers are using joining scripts and contribution template. We 

have compared visually the success of projects using this template with the ones does not employ this 

strategy. In figure 5.7, the dark blue boxes are representing projects contains contributing file. They 

show apparent differences in the success level of projects with contributing file. 
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Figure 5.7. Changes on project success factors over time-based on HasContribFile attribute 

(commits, watchers, and committers). Dark blues show the ones contain contributing file. 

Projects supported and funded by organizations are more likely to survive over time based on the 

collected data. We have visualized this empirical finding in figure 5.8, where projects owned and 

managed by individuals are shown in dark blue.  

 

Figure 5.8. Changes on project success factors over time-based on OwnerType attribute 

(commits, watchers, and committers). Dark blues are individual owned projects. 

We applied the same box plot analysis for different license categories for exploratory analysis of the 

license type effect on project survival over time. Figure 5.9 illustrates the trend of changes in our main 

three success factors over time. Boxes on each period are correspondent to different license type 

categories. From left to right, blue is presenting none-licensed projects; grey represents the non-general 

categories (Others), permissive are visualized in pink; strongly protective licenses are green, and the 

yellow-coloured boxes are weakly protected ones. 
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Figure 5.9. Changes on project success factors over time-based on LicenceType attribute 

(commits, watchers, and committers)  

The major exploratory findings of license type effect are presented following. The projects without a 

license are performing drastically lower than the ones consider any type of licenses. In terms of coding 

activity and developer’s interest, protective licenses are performing higher than permissive ones. 

Interestingly, these two factors are slightly higher for the non-general licenses rather than permissive 

ones. It demonstrates that OSS developers have a solid ideology and impression regarding their 

commitments’ intellectual properties and distribution. On the flip side, the story is entirely different for 

the community interest. They are more interested in permissive licenses and the projects with non-

general licenses compared to protective ones. This fact can raise a new research topic which indicates 

the differences between watchers and contributors. This graph shows a significant difference between 

them in terms of intellectual properties. A question for future research may raise about “are the watchers 

tend to be a contributor?” If we go more in-depth on the comparison, we can find out differences 

between weak and strong protective licenses. Developers prefer to join weakly protected projects. While 

the level of commitment is higher in strong protective licenses. It can be caused by the fact that expert 

developers and highly motivated by OSS ideology developers are more active developers than the others 

and their contribution is higher than the rest of contributors who are a volunteer for periphery 

contributions. It confirms that most of the tasks are done by a few core developers and the other 
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periphery developers, including most of the contributors working only on a few tasks (Amrit and Van 

Hillegersberg 2010). 

 

5.8. Panel Data Analysis and Discussion 

In this section, we present our panel data analysis (Singer et al. 2003). As we have both time-variant 

and time-invariant factors in our model, we have to perform Random-Effect econometrics model 

following (Subramaniam et al. 2009). According to normality check of variables, we found that 

programming language diversity, committers, commits and watchers are left-skewed in our sample data 

set. As suggested by (Gelman and Hill 2007), we have applied a logarithmic transformation to normalize 

them. The coefficient estimates for the models for the developer’s attraction, community interest and 

coding activity are presented in table 5.4. These models are tested separately for each dependant 

variable. Furthermore, the major findings and implications for OSS project managers, contributors, and 

researchers are discussed.   

 

 

 

 

 

 

Table 5.4. Panel data results 

 Developer’s 
Attraction 

Project Activity Community Interest 

 Ln(Committerst) Ln(Commitst) Ln(Watcherst) 

 Coef. 
(Std Err) 

P-Value 

Sig 

Coef. 
(Std Err) 

P-Value 

Sig 

Coef. 
(Std Err) 

P-Value 

Sig 

Intercept 0.956 
(0.034) 

0.000 
*** 

2.480 
(0.064) 

0.000 
*** 

0.209 
(0.060) 

0.000 
*** 

Ln(Commitst) -- -- -- -- 0.157 
(0.015) 

0.000 
*** 

Ln(Committerst) -- -- -- -- 0.391 
(0.026) 

0.000 
*** 

Ln(Commitst-1) 0.001 
(0.008) 

0.852 
 

0.284 
(0.013) 

0.000 
*** 

-- -- 
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Ln(Committerst-1) 0.262 
(0.015) 

0.000 
*** 

-0.096 
(0.026) 

0.000 
*** 

-- -- 

Ln(Watcherst-1) 0.035 
(0.006) 

0.000 
*** 

0.031 
0.011 

0.005 
*** 

0.078 
(0.005) 

0.000 
*** 

LicenceType(LT)       

LTPermissive 0.096 
(0.042) 

0.022 
** 

0.248 
(0.082) 

0.002 
*** 

1.123 
(0.074) 

0.000 
*** 

LTStrongProtective 0.168 
(0.066) 

0.011 
** 

0.720 
(0.130) 

0.000 
*** 

0.369 
(0.117) 

0.001 
*** 

LTWeakProtective 0.498 
(0.084) 

0.000 
*** 

0.769 
(0.166) 

0.000 
*** 

0.112 
(0.149) 

0.452 
 

LTOther 0.164 
(0.042) 

0.000 
*** 

0.491 
(0.082) 

0.000 
*** 

0.840 
(0.074) 

0.000 
*** 

IsSupportive(TRUE) 0.125 
(0.063) 

0.047 
** 

0.503 
(0.124) 

0.000 
*** 

0.207 
(0.112) 

0.063 
* 

HasContribFile(TRUE) 0.605 
(0.048) 

0.000 
*** 

0.618 
(0.094) 

0.000 
*** 

1.187 
(0.084) 

0.000 
*** 

PLangCnt 0.311 
(0.017) 

0.000 
*** 

0.778 
(0.034) 

0.000 
*** 

0.004 
(0.032) 

0.877 
 

IsForked(TRUE) -0.143 
(0.037) 

0.000 
*** 

-0.907 
(0.073) 

0.000 
*** 

-0.615 
(0.066) 

0.000 
*** 

OwnerType(USER) -0.011 
(0.027) 

0.672 
 

-0.134 
(0.054) 

0.012 
** 

-0.426 
(0.048) 

0.000 
*** 

Adj. R-Squared 0.38317  0.42229  0.52849  

Idiosyncratic Share 0.571 
 

 0.456  0.184  

Individual Share 0.429  0.544  0.816  

AIC 4888.14  9088.37  3128.13  

Signif. codes:  0.01 ‘***’ 0.05 ‘**’ 0.1 ‘*’  
 

5.8.1. Impact of Time-dependent factors 

The longitudinal data analysis indicates that the developers are motivated to join projects which have 

already gained other developers till the previous period. Also, if more attention comes to the project 

from a community, it sends a signal to the developer for joining the trending project. However, 

developers are not looking at the level of coding activities up to previous period for selecting a project. 

Level of coding activities on projects is raising during the major releases period and depends on bug 

reports and issues a project may receive. Although the availability of human resource is essential to 

continue the development process. However, it does not significantly affect the commitment level next 

period.  
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In terms of coding activities, the cumulative level of commitments positively affects the commitment 

level on the upcoming period. The same story happens for community interest, where a project has more 

watcher in previous periods it can gain more in the current period. Surprisingly, we found the negative 

effect of committers up to previous time on the level of commits at the current period. Plausible reasons 

for these negative effects could be described as when more contributors joined on the previous time, 

open issues are assigned to them and resolved, and fewer issues have remained for the current period. 

More committers in the projects require more coordination activities from core members who are 

generally responsible for most of the commitment. Regarding the analysis for community interest, we 

can significantly reveal that more watchers a project gain over time affect its popularity in the upcoming 

period. Also, the community observes the coding activities and developers the participation in the 

project, reflecting on the popularity of the project in the same period. 

5.8.2. Impact of time-invariant factors 

The longitudinal model shows the importance of newcomers’ supportive strategies with both measures 

employed in this study. Using a contribution template has a significant effect on all three success factors 

defined in this study. The same interpretation is possible for the projects which support newcomer 

through task labelling with the slightly lower effect. For task labelling, in watchers’ case, the p-value is 

less than 0.1 as community members are not observing and reflecting all internal strategies of a project. 

All of our hypothesis about the forked project is supported using the panel data. Being supported by an 

organization impacts the community interest. The impact is not significant for developers’ attraction 

which shows in social coding environment developers are not considering sponsorship for joining a 

project. However, it does affect the level of activity which proves that organizational based projects 

may have more opportunity and discipline for software development activities. 

More diversity in programming languages used in an OSS project positively affects the projects’ level 

of commitment. Also, it attracts developers’ attention with different programming skills in the projects 

and more contributors join the project over time. However, there is no significant effect on the number 

of watchers. It may also confirm the watcher that they do not care what is happening inside a project 

(Midha and Palvia 2012). They are more interested in the outcome rather than the process. 

Regarding the effect of license type, most of the modelled categories effects are significant. Only one 

case, which is about the effect weakly protected licenses on the number of watchers. The analysis shows 

that having a license, regardless of type, has a positive effect on all three success factors. Protective 

licenses have a higher effect on the level of commit and the number of developers attracted to a project. 

In contrast, community interest is positively affected by the permissive license type over time. 

Interestingly, in all the three success factors, the project with non-general licenses effects are fitted in 

between. It could be evidence of watchers and committers contrastive perspective regarding intellectual 

properties right. 
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Table 5.5 summarizes the hypothesis analysis of this study. Among all of hypotheses we have made, 

most of them are supported by this longitudinal study in a social coding platform. The ones which are 

not supported by this study include part of H3 which hypothesised about the correlation of programming 

language diversity on community interest over time. Part of H5 which discuss the role of organization 

support on developers’ attraction. 

Table 5.5. Summary of the Analysis of Hypotheses 

Hypothesis Results 

H1a In a social coding platform, OSS projects that use a permissive license 
will attract greater community interest over time than projects use a 
protective license. 

Supported 

H1b In a social coding platform, OSS projects using a protective license 
will attract more developers with coding activities over time than those 
using a permissive license. 

Supported 

H2 In a social coding platform, OSS projects which employ newcomers’ 
supportive strategies will be more successful over time than those 
which does not apply these strategies. 

Supported 

H3 In a social coding platform, OSS projects consisting of different 
programming languages will be more successful over time than those 
that do not. 

Partially 
Supported 

H4 In a social coding platform, the forked projects achieve less success 
over time than the original projects. 

Supported 

H5 In a social coding platform, the projects with organizational 
sponsorship are more successful over time than the projects owned and 
managed by individual users. 

Partially 
Supported 

 

Based on this study’s outcome, project managers who are thinking of their OSS project survival need 

to apply supportive strategies for newcomers. Basic techniques mentioned in the body of this study may 

send an excellent supportive signal for newcomers. If they are considering more productivity and a 

larger contributor base, diversity in programming languages can help them. If they plan to fork a project 

and continue it on their own, they should know the success would be more difficult and need to have a 

more focused and solid strategy. Choosing the right license type would be the more difficult decision 

they need to make as it would be a trade between the popularity among the community member or being 

more active internally. In any situation, it is recommended to employ a license rather than nothing. 

Furthermore, developers are interested in being involved in successful projects. As a social coding 

platform such as GitHub is transparent (Dabbish et al. 2012). This study can help them to find the 

appropriate project. 

 

5.9. Limitations 
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Despite the interesting outcome of this study regarding the effect of newcomers’ supportive strategy on 

OSS projects success and other valuable results, we are aware of few limitations in this study. First, this 

study relies on GhTorrent data dump, and there may be challenges with the way GhTorrent collect and 

represent GitHub data which may cause accuracy issues. However, in the GitHub mining studies, 

GhTorrent is widely used and is the most cited GitHub data archive (Cosentino et al. 2017). Second, 

this study is tested based on the random set of projects hosted on GitHub. A more significant range of 

project set with the different timeline can provide more robust insight. Third, Although GitHub is the 

largest OSS repositories, GitLab, BitBucket, OpenHub, and SourceForge are the other platforms for 

similar analysis. Fourth, In terms of project activities, we have only focused on commits as it is an 

accepted measure through the literature (Grewal et al. 2006; Midha and Palvia 2012); however, GitHub 

provides a more collaborative feature such as pull request, reported and fixed issues which could be 

applicable for success analysis. Fifth, we have considered all the commits with the same value; however, 

in reality, commits have different importance level for a project. A commit could vary from just adding 

few lines of code on the periphery code file to a large set of changes on multiple dependent core files. 

However, the number of commits are used as a success factor in various studies (Grewal et al. 2006; 

Midha and Palvia 2012). Sixth, on-boarding newcomer is a complex process which requires lots of 

socialization effort from community and newcomers together. The current study only considers two 

types of organizational strategies and we have not discussed the socio-technical barriers for OSS 

developers to contribute to OSS projects. Longevity and sustainability of newcomers’ participation can 

be considered as another success factor in future studies. 

 

5.10. Conclusion 

In this study, we investigate the effect of applying newcomers’ supportive strategies on the OSS 

project’s success. We have tested our research model through a longitudinal data model. An empirical 

panel data analysis is applied to a list of 1069 projects collected from GitHub over two years. The results 

confirm the positive and significant correlation of newcomers’ supportive strategies on GitHub project 

success. In addition, we have tested a series of hypothesis regarding the OSS projects success with 

different aspects. The model confirms the effect of programming language diversity on the internal 

success of OSS project. Different license types affect the different aspects of OSS success in 

contradictory ways. Using our longitudinal data set we have checked the interrelationship of OSS 

success factor as well. Most of the hypotheses are supported, and discussions are presented along with 

each outcome. 

For future studies, we have the plan to see the success of OSS projects in terms of retaining newcomers 

over time and sustainability of contributions. Also, a project can be defined based on this study’s 

outcome to design a labelling recommender system to find and label issues are good for newcomers 
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based on the training model. Furthermore, future studies can think of other newcomers’ supportive 

strategies such as mentorship programs on the success of projects.    
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Chapter 6: Newcomers Success in Open Source Community 

Paper 4: Success Pathway: How Newcomers Gain Reputation in the Open Source Community 

Abstract 

Open source software (OSS) relies on contributions made by volunteers and newcomers to survive. 

Open source development is a socio-technical process that requires newcomers to have technical and 

social skills to succeed. Social and technical challenges faced by newcomers contributing to OSS 

projects often lead them to discontinue their involvement resulting in a rapid developer turnover in OSS 

projects. This paper investigates OSS factors that contribute to a newcomer gaining a high reputation 

and succeeding within an OSS project development environment. The important role social skills play 

in newcomers’ reputation was observed by applying exploratory data analysis on GitHub data. This 

exploration shows that concurrent contributions to multiple projects increase the chance of popularity 

within such an environment. The main project attributes that successful newcomers contributed to 

during the early stages of their OSS community involvement were analysed.  We found that joining 

younger projects increased the chance of newcomer success. These findings will encourage researchers 

to continue seeking insights into newcomer behaviour, as such findings are extremely useful for 

newcomers to make better decisions and for project leaders to better understand how to be more 

supportive of newcomers. 

Keywords: Newcomers, Open Source Software, Reputation Analysis, Exploratory Data Analysis, 

Social Coding, Machine Learning 

 

6.1. Introduction 

Open source projects rely on volunteers’ commitment to projects (Schilling 2012; Von Krogh et al. 

2003). To have a successful and active community, project organizers need to have various contributors 

ranging from newcomers to experienced developers (Amrit and Van Hillegersberg 2010; Crowston and 

Howison 2005). However, many newcomers lose motivation and do not continue their jobs in OSS 

projects, due to various socio-technical barriers (Steinmacher et al. 2015; Steinmacher et al. 2014).  

Volunteers’ motivations in OSS projects have been studied widely in the context of information systems 

(Alexy and Leitner 2011; Krishnamurthy et al. 2014; Krogh et al. 2012; Moqri et al. 2018; Roberts et 

al. 2006). Gaining reputation inside the community is identified as a motivational factor for OSS 

contributors (Krogh et al. 2012; Lakhani and Wolf 2003; Oreg and Nov 2008). OSS developers need to 

gain community approval to build a sound reputation (Oreg and Nov 2008). Newcomers’ reputation is 

also a signal to the community about how dedicated and qualified they are to take on a project (Krogh 

et al. 2012).  In this study, we explored project attributes and newcomers activities that impacted on 
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their gaining the reputation within the OSS community. This was done to ascertain what newcomer 

activities and project attributes enable a newcomer to be successful in an OSS platform.  

The main motivations of open source contributors (including newcomers and novice developers) have 

been discussed in literature (Crowston et al. 2006; Moqri et al. 2015; Von Krogh and Von Hippel 2006). 

These motivations are categorized as intrinsic, extrinsic and ideological (Alexy and Leitner 2011; Krogh 

et al. 2012).  However, many OSS newcomers are not successful in their joining process into an OSS 

community due to the lack of technical knowledge about project architecture, code complexity, and 

coding standards (Steinmacher and Gerosa 2014).  Often, many newcomers cannot find a good task or 

project to start with (Steinmacher et al. 2015) and face social problems in their interactions with other 

project members (Steinmacher et al. 2015). These issues are investigated in past OSS literature 

(Steinmacher et al. 2015). To better understand newcomers’ situations in an OSS community, we took 

a socio-technical lens to check their initial project selection and behaviour. This analysis can help 

newcomers to make better decisions about their behaviours in the OSS community. It will also provide 

recommendations from more insightful decisions for project organizers to make the project atmosphere 

more “newcomer-oriented”.   

To support newcomers in their joining process, some large OSS projects and organizations such as 

OpenHatch (2017) provide programmes that assist and support newcomers. Mentorship programmes 

are a common approach in OSS to guide newcomers (Panichella 2015). Google Summer of Code (GSC) 

provides a formal mentoring program for students interested in OSS (Carillo et al. 2017). Linux and 

GNOME introduced sub-communities for newcomers to socialize with others (Carillo et al. 2017). 

Many OSS projects provide an easy to follow step-by-step joining script for newcomers (Carillo et al. 

2017; Von Krogh et al. 2003). Some software tools, such as recommender systems help newcomers to 

find a better task to start with (Wang and Sarma 2011). Such tools mentor newcomers on how to obtain 

supportive guides (Steinmacher et al. 2012), explore project histories (Cubranic et al. 2005) and 

documentation, as well as inspect existing code to get familiar with a specific project structure 

(Steinmacher and Gerosa 2014).  However, a key area not researched is what makes a newcomer 

successful and what such successful newcomers do during their joining process. This study contributes 

to OSS literature by focusing on these two factors. 

The main research questions of this study are “RQ1: What personal factors contribute to newcomer-

success, in an open source community?”, “RQ2: Which project attributes have an impact on newcomer-

success?”, and “RQ3: How can a newcomer find a suitable project in an open source community?” To 

answer these questions, we captured data on newcomers in a large social coding platform and analysed 

their initial activities, ties and their reputation inside the OSS community. We used data from the 

GitHub OSS platform, as it is the largest community of open source contributors with more than 200 

million projects and 65 million members. 
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This study was motivated by the organizational socialization theory for newcomers’ adjustment (Bauer 

and Erdogan 2011). This theory identifies personal characteristics, initial activities of newcomers, and 

project structure as effective factors on newcomers’ adjustment and their performance in an 

organization (Bauer and Erdogan 2011). Drawing on literature (Carillo et al. 2017), we argue that an 

OSS project operates as an online virtual organization, and that its attributes can be measured to better 

understand the project environment. Based on the literature, we consider newcomers’ reputation as an 

appropriate indicator of  one’s commitment to OSS projects (Oreg and Nov 2008). Through the lens of 

social resource theory and social capital theory, newcomers will be willing to get a good reputation in 

online communities and be in communication with reputable developers (Tsai and Pai 2014). Gaining 

such a reputation tends to increase their community commitment (Von Krogh et al. 2003). Our study is 

founded on these theories.   

Compared with other studies that discussed newcomers’ barriers and problems in joining OSS projects, 

this study helps newcomers to better understand of how to select the right project for their personalities, 

and how to contribute to such a community to be successful. It will also help project owners to identify 

the main features of a project chosen by successful newcomers. This study, in turn, will help project 

owners to align their recruitment strategies with potentially successful candidates. Project owners can 

also identify main collaborative barriers that newcomers are likely to face in the process of joining OSS 

projects and mitigating them.  We have shown in this study how successful newcomers are different 

from those who are not successful. This knowledge can assist other newcomers to follow a guidance 

pathway in their initial joining process that would then allow them to gain a good reputation. 

This paper is structured as follows. In the next section, we provide related past literature. Data 

preparation and analysis are presented in section 3 and 4, and discussions in section 5. Our conclusions 

are set out in section 6. 

 

6.2. Literature Review 

Information systems scholars have studied open source developers’ motivations for contributing to the 

OSS community for over a decade (Crowston et al. 2006; Von Krogh and Von Hippel 2006). Intrinsic 

motivators (driven by internal rewards), extrinsic motivators (driven by external rewards), community 

motivators (driven by service to the community) and ideology motivators (driven by one’s views) are 

the main motivators of developers to join OSS projects (Krishnamurthy et al. 2014; Moqri et al. 2015; 

Roberts et al. 2006). The role of volunteers and newcomers in the success of OSS projects (Von Krogh 

et al. 2003), and  OSS success factors and measures (Grewal et al. 2006; Subramaniam et al. 2009), are 

also well researched in the past. However, little is known about how newcomers select a project from 

the millions of available OSS projects in online repositories.  
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Previous social ties with core members are considered a factor of project selection (Hahn et al. 2008). 

In addition, literature has pointed out that developers evaluate a project based on its socio-technical 

activities profile (Dabbish et al. 2013). This evaluation affects their decision to select a project. In past 

literature on social coding, it is discussed that project members and their expertise can be evaluated  

from the socio-technical activities that they get involved in (Tsay et al. 2014). Therefore, it can be 

argued that the socio-technical activities of developers can affect their reputation. The license type is 

also considered an influential factor for project selection (van Osch et al. 2011). These few studies only 

focused on general project selection features. However, to the best of our knowledge, there is no 

published study on how newcomers in the OSS community evaluate and select a project and which 

project features improve the chance of newcomers’ success. Generally, a newcomer finds it challenging 

to select a suitable project, as there is little knowledge about a project and the expertise required. 

The critical role of newcomers and their main challenges and barriers in the OSS community has been 

studied from various perspectives (Steinmacher et al. 2015; Steinmacher et al. 2014; Von Krogh et al. 

2003). Technical problems, outdated documents, lack of knowledge, and social immaturity are 

considered the main issues faced by newcomers (Steinmacher et al. 2015). Also, newcomers need to 

find a project which is close to the ideologies and their software development beliefs (Steinmacher et 

al. 2018). Some studies designed artefacts to help a newcomer find a task, source code and mentors to 

look forward to having a successful joining process (Cubranic et al. 2005; Malheiros et al. 2012). 

Newcomers’ performance is related to socialization experiences they get in mentorship programmes 

and their interactions with other project members (Carillo et al. 2017). The initial behaviours of 

newcomers have an impact on their later success (Zhou and Mockus 2015). Community evaluates 

newcomers based on their signals during early stages of their experience (Zhou and Mockus 2015). 

Four different socialization patterns of trajectories are found in newcomers activities in an OSS project 

(Qureshi and Fang 2011). They also found a relationship between initial activities and their interaction 

with core members on newcomers’ progress over time (Qureshi and Fang 2011).  

A study on the GitHub community has shown that newcomers are interested in more popular projects 

(Fronchetti et al. 2019). However, the higher rate of turnover and unsuccessful commitments reveal that 

popular projects are generally not the best choice of project to start with (Steinmacher et al. 2018; 

Steinmacher et al. 2014). This study is different from other studies in the field of newcomers in OSS as 

it investigates newcomers’ characteristics and initial activities in an open source community, to see 

what will affect their future successes. We also explore the main project factors that affect the OSS 

newcomers’ success as a matter of their project selection and commitment. It depicts the factors that 

differentiate successful newcomers from others through a socio-technical lens. 

Developers’ success and reputation in the OSS community have been analysed in a few studies in the 

past. In these studies, developers’ experience and the quality of their coding have been recognized as 
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effective factors that can have an impact on their reputation in Ohloh (OpenHub), where the 

measurement of reputation (Cai and Zhu 2016) was done by considering peer evaluations (Kudos). In 

another study, a developers’ reputation was measured by the centrality of that developer within the OSS 

social network. The effect of this has been investigated on the success of a project (Bosu and Carver 

2014). The effect of developers’ homophily in terms of organization, country, and programming 

language is measured through Ohloh Kudos as reputation measures in OSS (Hu et al. 2012). Few studies 

on the GitHub social coding platform look for contributors’ reputation regarding the number of 

followers a developer has. Moqri et al. argued that the number of followers over time affect developers’ 

commitment to GitHub (Moqri et al. 2015). The vital role of highly followed developers (rock-stars) is 

mentioned in a study (Blincoe et al. 2016). They suggested that other contributors make their decisions 

based on what highly reputable contributors do (Blincoe et al. 2016). In this study, we have used the 

number of followers to measure the reputation a newcomer has achieved. This measure is borrowed 

from the literature of social coding and applied in newcomers’ reputation analysis through their socio-

technical behaviour within an OSS project. 

 

6.3. Data Collection and Pre-processing 

We focused on GitHub as a social coding environment where OSS developers can collaborate and 

contribute to the OSS community. GitHub is the largest OSS community with a variety of socio-

technical features, which makes it a rich platform for OSS studies. The number of studies using GitHub 

is growing very fast (Cosentino et al. 2017). GitHub provides a REST API for public access to project 

histories, developers’ profiles and any socio-technical collaboration in this platform across OSS 

projects. GhTorrent is a public archive of GitHub data, which uses big data techniques to map various 

types of events in the form of relational data dumps (Gousios 2013). GhTorrent is widely used in OSS 

literature (Cosentino et al. 2017). We used the MySQL data dump for March 2016. This data dump 

contained data since 2008.  

We developed an application in C#.Net to collect newcomer-related data and query the GhTorrent data 

dump. A new account registered in GitHub was regarded as a newcomer in this study. We selected all 

activities of such individuals over a period of the first year, and contributions that they made to the OSS 

environment during this period. Exploring this data revealed these newcomers’ initial perspectives and 

motivations for the actions taken (Qureshi and Fang 2011; Zhou and Mockus 2015).  

To identify successful newcomers, we counted the number of followers a newcomer gained in a year. 

GitHub developers are known to follow each other for different reasons (Blincoe et al. 2016). 

“Following” is a unidirectional social relationship. The “Following” allows OSS developers to access 

new resources, get the latest updates, socialize and establish a social identity within the environment 
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(Blincoe et al. 2016; Moqri et al. 2015). We used the number of followers a newcomer gains as a proxy 

for newcomers’ reputation (Badashian and Stroulia 2016). Hence, a developer with more followers was 

considered as more successful in this study. 

We have analysed the community of newcomers on different days across a year and, found that the 

number of followers gained by newcomers over a year follows the power-law distribution. Almost 70% 

of newcomers could not gain any followers over the first year. 15% of newcomers had only one 

follower, and only 2% had more than ten followers. Figure 6.1 shows the distribution of followers 

gained in the first year for the accounts created on a specific day in a specific month. Both followed the 

same pattern.  

 

 

 

 

 

 

Figure 6.1. Distribution of newcomers’ followers who joined GitHub in a month after a year of 

their joining time  

We categorized newcomers into four different classes based on the exploratory analysis of newcomer-

reputation. Table 6.1 describes each category.  

Table 6.1. Newcomers Categorization 

Super Reputable (SR) Top 1% (14 or more Followers in a year) 

High Reputable (HR) Top 1-10% (3-13 Followers in a year) 

Low Reputable (LR) Top 10-30% (1-2 Followers in a year) 

Not Reputable (NR) Others (No Followers in a year) 

 

6.3.1. Sample set of Newcomers 

The sample data contained 473 newcomers, who were categorized as explained in Table 6.1. 61 

newcomers were from the SR category, and 93 from HR, 133 from LR and 186 from the NR categories.  

To understand the main differences for each class of newcomers, we summarized their activities in all 

the projects they have contributed to and compared their activity rates. As this study aimed to support 
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newcomers in their initial activities, we only focused on those who participated in projects that are not 

owned by themselves. That is, we excluded any newcomer-activity on self-owned projects. 

In our analysis we listed and observed all projects that the newcomers contributed. We analysed 

different types of collaborative activities, including technical (Code Commits, Pull Requests, Issue 

reporting) and social activities. Social activities included conversations initiated and comments made 

by newcomers on other’s technical events (Sarker et al. 2019; Sheoran et al. 2014). Then we analysed 

the socio-technical activities in these projects and compared them within the different categories, as 

shown in Table 6.1. Table 6.2 briefly illustrates the data in each category.  

Table 6.2. Newcomers’ sample data summary 

 SR HR LR NR 

Newcomer 61 93 133 186 

Total Contributed Project 281 336 50 85 

Project/Newcomer 4.61 3.61 0.38 0.46 

Promoted to member 9 15 7 7 

Promoted to member rate 0.15 0.16 0.05 0.04 

Hired by organization 18 23 3 5 

Hired by organization rate 0.30 0.25 0.02 0.03 

Avg Followers 27.61 6.97 1.37 0 

Avg Followees 22.70 8.77 2.52 0.43 

Avg Commits 26.85 24.81 11.02 2.94 

Avg Commit Comments 0.04 0.15 0 0 

Avg Pull Requests 3.56 4.24 0 0 

Avg Pull Request Comments 0.26 2.12 0.02 0.01 

Avg Reported Issues 2.09 2.27 0.5 1.08 

Avg Issue Comments 0.13 0.64 0.14 0.18 

Avg Social Activities 0.18 0.17 0.02 0.01 

Avg Technical Activities 1.36 1.07 0.29 0.30 
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The Table 6.2 shows that SR newcomers contributed to more projects per newcomer and followed more 

GitHub members than newcomers did in other categories (refer to row number 3 in table 6.2). These 

findings are aligned with the findings of (Qureshi and Fang 2011). It was also noted that the SR and 

HR groups not only had more followers but also had more followees (refer to table 6.2 rows 8 and 9). 

To quantify newcomers’ technical commitments to a project, the number of code-commits they have 

made to their contributing repositories along with the submitted issues and pull requests were counted. 

Reputable categories (SR and HR) were found to be also more technically active (refer to row numbers, 

10, 12 and 14 in Table 6.2).  

Furthermore, newcomers of these categories were more socially active. Table 2 shows that newcomers 

in SR and HR are more interested in coordination activities such as reviewing pull requests and 

commenting on them (refer to row number 13 in Table 6.2). In GitHub, changes to the main repository 

included investigating pull request submissions by developers and the merging and acceptance of 

requests by coordinators and administrators.  

Table 6.2 focused on newcomers and their activities. Based on the outcome of this table through a socio-

technical lens, a newcomer needs to be more active on the social side rather than the technical to be 

popular in an OSS community. It must be noted here that the reason for this is that the chance of being 

promoted to be a project member or to be hired by a GitHub registered organization the reputation of a 

newcomer is paramount. 

In this study, three technical activities (commit, issue, pull requests) and three social activities (commit 

comment, issue comment, and pull request comment) for each developer were counted (Sarker et al. 

2019; Vasilescu et al. 2015). Table 6.3 illustrates the distribution of these activity types for each 

newcomer under that newcomer’s associated reputation class. The analysis done on this data showed 

that almost 28% (17 of 61) of newcomers in the SR category contributed to all three technical types of 

activities. This value is over 18% (17/93) in the HR category. However, it was around 2% in the LR 

and NR categories. Table 6.2 already showed that social activity rates are lower than the technical 

activity rates in all categories (refer to rows 16 & 17 in Table 6.2). The detailed information on Table 

6.3 shows that only 2 newcomers who belonged to the HR class contributed in all three types of social 

activities  
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Table 6.3. Social and Technical Activities 

No. of 

activities 

Newcomers participating in Technical 

Activities 

Newcomers participating in Social 

Activities  

 SR HR LR NR ALL SR HR LR NR ALL 

0 18 42 108 146 314 51 82 130 183 446 

1 20 19 13 29 81 9 8 3 3 23 

2 6 15 10 6 37 1 1 0 0 2 

3 17 17 2 5    41 0 2 0 0 2 

Total 61 93 133 186 473 61 93 133 186 473 

 

It was interesting to note the geographical distribution of the different classes of newcomers (Figure 

6.2).   

 

Figure 6.2. Newcomers’ distribution around the world in the sample dataset 

 (SR, HR, LR, and NR)  



128 
 

We note that U.S has the largest population of newcomers in all four categories with almost the same 

number of members for each category. The larger countries in terms of population have more 

newcomers. However, some small countries such as New Zealand and Belgium are represented in this 

figure. Table 6.4 provides more details on the country level distribution for each category. The data set 

used in this study had geo-location data for only 45% of the newcomers’ equivalent to 213 data points. 

Future research can investigate whether geo-location affects newcomer’s success. 

Table 6.4. Top countries in the sample dataset based on each category 

 US CN GB CA RU FR DE IN BR JP MX PT BE ID IT NL PH 

SR 15 6 1   1  2 1 2    2   1 

HR 16 1 5 5 3 2 6 1 2 2  2 1 1  2  

LR 16 8 6 1 2 2 1 2 3  3 1 1  2 1 1 

NR 19 3 2 4 5 4 1 3 1 2 2 1 1  1  1 

Total 66 18 14 10 10 9 8 8 7 6 5 4 3 3 3 3 3 

As revealed in Table 6.5, newcomers of the SR and HR categories have a better chance of being hired 

by an organization, than newcomers in the LR and NR categories. This fact indicates that by being 

employed by an organization, a newcomer can have a better chance to be seen by others. A newcomer 

who is affiliated with an organization can gain more followers as they have she has a status (reputation) 

inside the community. It has been argued in literature (Tsay et al. 2014), that developers are evaluate 

each other based on their social and technical status. There is only one newcomer who was employed 

by 4 different organizations. This person belonged to the SR category. 30% of SR newcomers (that is 

18 out of 61) were employed by organizations. In the sample used, only 2% of LR members were 

employed in one organization. 

Table 6.5. Organizational Employment 

Organization 

Employment Count 

0 1 2 3 4 Total 

SR 43 12 2 3 1 61 

HR 69 20 3   92 

LR 130 3    133 

NR 181 5    186 
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The sample of newcomers used in this study contributed to different types of projects. Table 6.6 

summarizes the differences in project characteristics across the main four groups of newcomers. A total 

of 752 records of project information were available in our dataset. This data was gathered for three 

years from the joining date of newcomers in GitHub. Finding the relationship among projects and 

predefined categories of newcomers is a complex task. In the next section, we applied machine learning 

techniques to ascertain the most important factors that can lead to a better project selection by 

newcomers. Table 6.6 illustrates that the more popular newcomers contributed more to younger 

projects, when compared with newcomers from other categories (popular newcomers are those with a 

high number of followers). 

Table 6.6. Summary statistics of newcomers’ contributed projects 

 SR HR LR NR 

 Avg Med SD Avg Med SD Avg Med SD Avg Med SD 

Commits 744.1 40 4164 651.7 42.5 2330 336.3 52.5 815.7 870.3 90 2159 

Watchers 456.7 1 2083 272.59 0 1382 1007.4 1 5695 375.9 1 1436 

Forks 87.8 0 424 91.5 0 572 57.9 1 177 101.2 0 354 

Issues 184.86 0 901 259.78 0 1756 222.04 2.5 975 303.84 0 949 

Pull Requests 677.6 0 5554 1440 0 11977 211 2 737 733 0 3400 

Commit 

Comments 

1.97 0 16 4.67 0 26 1.88 0 10 3.08 0 11 

Committers 29.61 3 119 64.46 4 286 18.24 3.5 46 27.2 5 73 

Member 

Committers 

16.49 1 107 1.27 0 4 1.86 1 3 1.95 0 3 

Issue 

Comments 

614.02 0 3447 902.92 0 6639 648.86 0 3105 747.71 0 2893 

PR 

Comments 

50.12 0 426 33.72 0 207 16.7 0 100 58.17 0 279 

Age (Days) 241.20 166 333 182.80 157 353 348.66 266 298 338.26 277 320 

Med – Median; SD – Standard Deviation; Avg – Average 

 

In our dataset, we have projects in 33 different programming languages. As this number of languages 

make the process of decision making difficult, we categorized them based on the popularity of 

languages in GitHub. Table 6.7. Shows this analysis by language categorization. However, in general, 

86 projects did not provide the main programming languages, which are used in GitHub (752-666= 86). 

Java, JavaScript, Python, and Ruby are the most common languages used in GitHub. In our sample of 

projects, more than 50% of the projects belonged to this category (Table 6.7). 
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Table 6.7. Programming Language Categorization 

 Languages SR HR LR NR SUM 

LangCat_1 Java, JavaScript, Python, Ruby 131 170 24 55 380 

LangCat_2 C, C++, C#, PhP, CoffeeScript, Shell, Scala, Viml, 

Objective-C, Perl 

80 99 19 22 220 

LangCat_3 CSS, HTML, Puppet, Go, R, Clojure, Groovy, 

Assembly, TeX, TypeScript, Matlab 

35 14 5 4 58 

LangCat_4 MakeFile, AwK, BitBake, Dart, Lua, Nemerle, 

PLpgSQL 

1 5 1 1 8 

 SUM 247 288 49 82 666 

 

6.4. Exploratory Data Analysis 

In this section, the main data analysis part is conducted on the captured dataset of newcomers in GitHub. 

We applied mining software repositories (MSR) techniques on our sample data to determine the main 

differences among the different classes of newcomers and their contributed projects. Firstly, we have 

analysed the most important features that define newcomers’ reputation in a social coding environment. 

For this purpose, we have applied the random forest technique (Ghasemkhani et al. 2015). We used the 

Random Forest Package in R, to run a Random Forest Model.   

 

 

 

 

 

 

 

 

 

 

Figure 6.3. Main influential newcomers’ activities on newcomers’ reputation 
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Figure 6.3 shows the results of the Random Forest analysis. The dependent variable in this model is the 

number of followers. There are two different diagrams in this figure. 

 IncMSE (Increase in Mean Square Error): This measure tests the effect of realistic permuting 

on each factor on increase in MSE rate. The higher value shows the importance of the factor in 

correlation with the dependent variable.  

 IncNodePurity (Increase in Node Purity): This factor shows how much the node purity will be 

reduced at each split of the regression trees. More important factors depict increases in node 

purities. 

The results from this Ransom Forest Analysis reveals that Technical Activity Count, Number of 

Contributing Projects, Commits, and Social Activity Count play an important role in attracting 

followers that improves one’s reputation. Table 6.8 lists newcomers’ activities that are used in the data 

mining process of this study. 

Table 6.8. Newcomers’ socio-technical activities features list 

Attributes Description 

ReportedIssue Number of issues reported by  the  newcomer 

PullReq Number of pull Requests submitted by the newcomer 

SocialActCnt Number of different type of newcomer’s  technical activities range from (0-3 ) 

TechActCnt Number of different type of newcomer’s  social activities range from (0-3 ) 

IssueComments Number of comments posted by the newcomer on issues 

CommitComment Number of comments posted by the newcomer on submitted commits 

Commits Number of commits done by the newcomer 

PullReqComments Number of comments posted by the newcomer on submitted Pull Requests 

PrjInList Number of project that a newcomer contributed to 

 

Despite the importance of reputation and community recognition, according to the onion model, role 

progression of newcomers in the OSS community (Crowston et al. 2006) starts with peripheral roles. 

The ultimate aim of these newcomers is to reach the core member positions.  

We defined another binary measure to illustrate a newcomer promoted to a core member position in the 

first year of activities. This variable is set to true while a newcomer is accepted as a member of a project. 

Figure 6.4 shows the importance level of newcomer activities for project organizers to accept a 

newcomer as a member. Figure 6.4 illustrates the effect of omitting each feature on the accuracy of 

decision making (Ghasemkhani et al. 2015). For example, if “Commit” is ignored then the accuracy of 



132 
 

this model decreases (as shown in Figure 6.4, Commits have the highest effect on accuracy). This figure 

is divided into two parts: 

 Mean decrease accuracy reveals how worse the model performs in terms of accuracy if we do 

not include the variable  

 Mean decrease Gini is a mathematical model to show how the purity of leaf decreases in 

decision trees in the absence of the variable. 

 

Figure 6.4. Main influential newcomers’ activities on newcomers’ progress in a project role 

Based on the feature-importance analysis, commits identified as the most important factor. This 

measure is followed by the count (the number) of projects they are contributing to. These findings reveal 

that to be successful in their role’s progression; newcomers have to make more technical contribution 

in various OSS projects. This fact shows that project organizers evaluate newcomers’ technical 

contribution to accept them as a core member. Technical assessment is a more straightforward process 

as there are different quantifiable metrics to evaluate coding proficiency.  

Based on socialization theories (Carillo et al. 2017) on-boarding is a socialisation process. Typically, 

newcomers are more technically active (compared to social activities – refer to Table 6.3).  For project 

owners, evaluating social contributions by newcomers in their initiative stages is a more complex task 

than evaluating their technical activities. This complexity could be the reason why project owners place 

a higher importance level on technical factors. This fact could imply why technical factors such as 

commit have are more critical in role progression for newcomers. 

To understand which types of projects are more suitable for newcomers, we have captured a list of 

project attributes that newcomers contributed to during the initial period (the first year) in GitHub. We 
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have analysed these attributes regarding newcomers’ success in terms of their reputation inside the OSS 

community. For each selected project, we captured 3 years of data. The list of attribute abbreviations 

and their descriptions are given in Table 6.9.  

Table 6.9. Project attributes 

Attributes Description 

Forks Number of times project forked 

Members Number of members added to the project 

Commits Number of commits applied to the project 

Issues Number of reported issues 

Watchers Number of users watched the project 

PullReq Number of submitted Pull Requests to the project 

CommitCmnt Number of comments on project commits 

PRCmnt Number of comments on Pull Requests 

PRIssueCmnt Number of comments on issues related to Pull Requests 

IssueCmnt Number of comments on reported issues  

Committers Number of project committers 

MemCommitters Number of project committers who are member 

OutCommitters Number of project committers who are not member 

IsForked Is this an original or forked project? 

Owner Is project funded/supported by an organization? 

Age Number of days passed after project creation 

LangCat Programming language category 

 

The data mining process of this study was started with the feature engineering process by applying the 

Random Forest Technique. Then we continued the process using an exploratory analysis through 

visualization of the main factors. Lastly, we used a Correlation Matrix to understand pairwise 

relationships among project attributes; Regression Analysis to statistically model the relationship of 

project attributes regarding newcomers’ reputation; and Regression Trees to provide a decision plan for 

newcomers to use in their project selection in order to have a better chance at being successful. We have 

implemented all these steps using the R package, following the CRISP-DM Methodology (Wirth and 

Hipp 2000). CRISP-DM is an iterative data mining methodology that is widely-used in data analytics 

studies and practices. 

6.4.1. Projects’ Feature Ranking 
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The Random Forest Technique was applied to the dataset to find the most important factors among the 

list of factors mentioned in Table 6.9. Figure 6.5 provides the results of feature ranking. By comparing 

two ranking charts, the top 7 features were chosen for newcomers to select the right project 

(MemCommitters, Age, Members, Committers, Commits, Watchers, and LangCat). Figure 6.5 

illustrates the effect of omitting each feature on the decision-making accuracy (Ghasemkhani et al. 

2015). This figure is divided into two parts.  

 Mean decrease accuracy reveals how badly the model performs in terms of accuracy if we do 

not include the specific variable.  

 Mean decrease Gini is a mathematical model to show how the purity of the leaves decreases in 

decision trees in the absence of a specific variable. 

 

 

 

 

   

 

 

 

 

Figure 6.5. Feature ranking by Random Forest. 

To be successful, newcomers should look for a project with a high number of technical staff 

(MemCommitters). More committers show that the core members are technical coders and the chance 

of having good mentors is higher.  The project’s age is the second important factor for project selection. 

There is less chance for newcomers to be successful in an old project with the known core members 

and robust code-base. The least important factor in deciding which project to select for newcomers is 

communications through commenting process in Pull requests, Commits and Issues. Newcomers should 

mainly track the project technical activities while deciding on joining a project.  

6.4.2. Exploratory Visualization 

In this part, we visualized the effect of each selected factor on the popularity class of newcomers. 

Boxplots in Figure 6.6 illustrates the relationships of each class of newcomers, along with the main 
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selected factors. In this analysis, we could see that joining old projects is not a good decision as the age 

range for NR group is higher than others. Age represents the number of days passed from the project 

creation date. However, joining projects with a higher rate of member committers was observed to be 

an effective technique.  

  

Figure 6.6. Exploratory visualization of main factors effects on project distribution 

(MemCommiters, Age, Members, Committers, Commits, and Watchers).  Boxes left to right 

(SR, HR, LR, and NR) 

Member committers are the portion of project members who are participating in technical coding by 

adding and modifying the current code-base. Also, as shown in boxplots, more technically active 

projects are not always a relevant factor for a newcomer to be successful in, as there would be more 

competition in an active project.  

An interesting result that requires more in-depth analysis is that popular projects are not good to start 

one’s career with. It must be noted that newcomers in the NR and LR groups joined more popular 

projects when compared with the two other groups. In terms of project size, it can be drawn from this 

result that bigger projects have less chance for newcomers to get a reputation. Project size is measured 

by the number of members who have joined a project. Larger projects generally have a well-defined 

structure as well as established core project members. Hence, gaining a reputation in such projects are 

more challenging and complex. 

6.5. Confirmatory Data Analysis 
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In this section, regression analysis has been applied on a list of selected features of newcomers’ 

contributed projects to statistically validate the results obtained from the exploratory analysis. The list 

of attributes were chosen, based on the importance level of the Random Forest Technique. As most of 

the attributes in our sample size are left-skewed, logarithmic transformation was applied to satisfy the 

normality assumption of OLS regression models (Gelman and Hill 2007). Correlation Analysis was 

applied to check for multi-collinearity among attributers. A high correlation was found among some 

attributes (Issues, Forks and IssueComments). The two least important factors based on Random Forest 

results were dropped from the regression model. Table 6.10 provides the correlation matrix. 

Table 6.10. Correlation matrix of project attributes 

 1 2 3 4 5 6 7 8 9 

1.Members 1         

2.Commits 0.126 1        

3.Watchers 0.057 0.351 1       

4.OutCommitters 0.025 0.486 0.379 1      

5.MemCommitters 0.036 0.382 0.229 0.000 1     

6.Issues 0.127 0.502 0.602 0.718 0.269 1    

7.Age 0.118 0.156 0.340 0.174 0.198 0.389 1   

8.IssueComment 0.098 0.500 0.601 0.725 0.300 0.990 0.379 1  

9.Forks 0.057 0.505 0.625 0.699 0.365 0.895 0.174 0.915 1 

 

Table 6.11 summarizes the regression results.  The Regression Model, and the attributes used in the 

Regression Model are presented in formula 1. Based on the output, we can confirm most of the findings 

of exploratory data analysis. The model confirms that selecting the older projects is negatively 

correlated with the numbers of newcomers’ followers. The correlation between newcomers’ reputation 

and member committers in a project is positive and significant. Projects with fewer core members are 

more suitable for newcomers to join while considering the social reputation. More community 

committers in a project lower the chance of success for newcomers as the competition would be higher 

in these types of projects. However, the confirmatory analysis rejects the exploratory finding about 

watchers. In the exploratory data analysis phase, we found that joining popular projects reduce the 

probability of gaining followers, however, regression results reveal a positive and significant impact of 

project popularity on newcomers reputation. 
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The regression model reveals a positive and significant correlation between newcomer’s follower and 

contributed project popularity. Furthermore, the model has shown that participating in a project with 

less popular programming languages increases the chance of success due to a less competitive 

environment. Participating in forked projects rather than the original projects offers a higher chance of 

success. Forking a project allows more innovative ideas to be contributed to the main project (Jiang et 

al. 2016; Nyman and Lindman 2013). Newcomers can show their ideas and interest in a smaller and 

more flexible environment rather than in the solid structure of the original ones. In addition, projects 

owned by an organization are a better place to start an OSS career for a newcomer.     

 

(6.1) 

 

Table 6.11. Regression Results 

Variable Coefficient estimate Standard Error P-Value (Sig) 

Intercept 3.575 0.260 0.000 (***) 

Ln(Member) -0.363 0.056 0.000 (***) 

Ln(Watcher) 0.109 0.038 0.004 (***) 

Ln(Age) -0.277 0.045 0.000 (***) 

Ln(Commits) 0.003 0.038 0.919 

Ln(Issues) -0.072 0.041 0.082 (*) 

Ln(OutCommitters) -0.094 0.049 0.056 (*) 

Ln(MemCommitters) 0.429 0.064 0.000 (***) 

IsForked (True) 0.373 0.100 0.000 (***) 

Owner (User) -0.22 0.089 0.012 (**) 

LangCat (Cat2) 0.117 0.102 0.252 

LangCat (Cat3) 0.209 0.125 0.094 (*) 

LangCat (Cat4) 0.297 0.335 0.375 

LangCat (None) 0.393 0.137 0.004 (***) 
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AIC 2006.92 

BIC 2074.803 

Adjusted R-squared 0.22 

Signif. codes: ‘***’ <0.01, ‘**’ <0.05, ‘*’ <0.1 

 

6.5.1. Pattern Analysis 

In this section, we have provided a Regression Tree Analysis (Buja and Lee 2001), which can help a 

newcomer in the process of project selection. It reveals different paths to be successful in project 

selection. Newcomers can follow these patterns to estimate the number of followers they may gain 

based on project attributes. Figure 6.7 presents a Regression Tree derived based on the factors obtained 

from newcomers’ contributed projects. The numbers on each node show the average of newcomers’ 

followers. The root represents 16, revealing that the average of newcomers’ followers for all contributed 

projects is 16. The reason for this is that most of the HR and SR newcomers are contributing to multiple 

projects. The percentage on each node shows the probability of being in this node. Newcomers should 

look for a high value on each node (average follower) and high probability in leave nodes as the possible 

success pathway. The  10-fold cross-validation technique was applied to check the accuracy of the 

modelled Regression Tree, (Hall et al. 2009). The Root Mean Square Error (RMSE) result is equal to 

16.8.   

 

Figure 6.7. Regression tree to support newcomers in their project selection process 
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6.6. Discussion and Findings 

This study focused on OSS newcomers and investigated their social identity through the lens of 

reputation analysis by mining historical data of GitHub newcomers. The analysis showed that not only 

technical commitment can help a newcomer to gain popularity but also, that they need to follow correct 

social practices. They need to participate in coordination and reviewing processes. They need to follow 

other members, so that it helps them to socialize with more members and gain their attention. It is 

recommended to contribute to multiple projects and not to just one project, as the more projects they 

contribute to will allow them to socialise with more OSS contributors. It was noted that newcomers 

hired by organizations have a better chance to be seen than individuals who are on their own.  

Also, we have mined the projects newcomers contributed to and found that features such as project age 

and committers from project core members can help newcomers in selecting a project, in order to   better 

manage their reputation. The exploratory data analysis phase demonstrated a big picture of studied 

attributes to visually assess and discover patterns in the dataset. The confirmatory parts checked the 

validity of the findings.  

Data analysis also confirmed the negative effect of project age and member size on newcomers’ 

reputation. The competition rate was higher in older and larger projects as both more experienced and 

novice developers were interested in joining them. Also, the community was already shaped and core 

members defined. In terms of programming language, the confirmatory analysis reveals that choosing 

a project with a less popular programming language increases the chance of success. 

Contributing to forked projects increase the chance of success. Projects may fork for different reasons 

(Jiang et al. 2016). Forked projects are generally handled by smaller teams who are open to changes 

and modifications. Forked projects can help newcomers collaborate with small teams while they have 

access to all the code resources of the main project. Also, they can learn the concepts of the original 

projects. More reputation can be gained if the newcomer contributed to a project owned or supported 

by an organization. Generally, organizations have several projects and contributing to one can broaden 

the social connection with others. 

We have found a conflict in the interpretation of exploratory data analysis and the confirmatory analysis 

regarding the project popularity effect. Boxplot analysis reveals that the higher number of watchers are 

associated with low reputable categories. However, the regression model depicts a positive and 

significant correlation between project popularity and newcomers’ success. In the last phase of data 

analysis, we provided a decision tree for newcomers to understand their perceived popularity while they 

select a project. However, it is not just a matter of selecting a project, as it is also related to their level 

of socio-technical commitment. 

6.6.1. Limitations 
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To the best of our knowledge, this is the first study which analyses newcomers’ reputation in GitHub 

to see which project types and activity can make them popular inside the community. However, similar 

to most studies it suffers from a few limitations. First, as we have relied on the data archived by 

GhTorrent, our findings depend on how complete and accurate GhTorrent data is. However, this dataset 

is the most common resource in GitHub mining studies (Cosentino et al. 2017). Second, we have 

counted all the activities inside the GitHub community. Other newcomers’ commitments are ignored, 

though this would be similar for all newcomers. Studies of cross-platform analysis in software 

engineering confirm that active and social developers generally perform actively in all communities 

(Vasilescu et al. 2013). Third, focusing on the limited number of newcomers and projects is another 

issue of this study. Although we have categorized our data based on a large sample distribution, it can 

be improved by more data environments. Fourth, we have counted all the commits with the same value. 

However, in the real world, commits are different in their size, quality and effects. Despite this fact 

about commits, there is solid literature in OSS where code commits are counted regardless of their size 

(Grewal et al. 2006; Midha and Palvia 2012; Subramaniam et al. 2009). A similar fact is applicable for 

the following and other socio-technical activities. Having a reputable follower is different from the 

general member, but we consider all the same value. Fifth, Longitudinal data of developer activities 

over time can better understand rather than the case of snapshot data. Sixth, we have used secondary 

data that is available publicly in GitHub. Many events and communications on projects may be done 

outside of GitHub or on other online tools that we cannot capture. In addition, this study only focused 

on the followers’ count as a factor of success that is biased on the social side of the social coding 

environment. However, other metrics such as sustained contribution and expertise can be considered 

developer success measures in future research.  

 

6.7. Conclusion and Future Works 

This paper investigates GitHub social coding platforms to recognize newcomers’ reputation factors. 

The result of data mining on GitHub newcomers shows the importance of both social and technical 

skills and multi-project contribution to newcomers’ success.  The study confirms the effect of multi-

tasking on newcomers’ popularity. A successful newcomer with technical commitment should 

participate in code review and commenting activities as well. Also, we have analysed newcomers’ 

contribution to projects, and we have shown that newcomers who joined old and popular projects have 

less chance to get a high positive reputation. Analysing other project members’ participation rates in 

coding activities can help newcomers to select better projects to survive and even thrive. These results 

are the outcome of applying data mining techniques to cross-sectional data of randomly selected GitHub 

newcomers. Using Big Data Analytics techniques can help us analyse more newcomers’ activities with 

a longitudinal dataset as a future potential extension of this study. Also, we can consider other success 
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factors such as expertise and sustainable commitments in addition to the reputation analysis carried out 

in this study. The result of this study can be used in designing a recommender system or a coaching 

systems which can help newcomers to have a successful on-boarding process in their OSS contribution. 

Also, for future works we suggest to apply confirmatory studies on the findings of this study. Different 

aspects of this exploratory study can be reviewed through appropriate theoretical lenses. 
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Chapter 7: Conclusion 

In this section, we have summarized the outcome of this thesis. This thesis explored social coding 

practices through a series of empirical studies. We have studied the largest open source community 

shaped in GitHub.  The overall contribution of this thesis to the OSS body of knowledge is outlined. In 

this multi-paper thesis, we have focused on using the socio-technical aspects of OSS development to 

support the OSS community. In this chapter, we conclude the answers to research questions and describe 

the findings of each study. Also, we have clarified the main limitations of this study. The future direction 

and possible extensions to this study are explained. 

7.1. Answering Research Questions 

Through this thesis, we have explored a number of research questions. The answers to these questions 

are summarized in this sub-section 

RQ 1. How do the changes on OSS developers’ network affect the popularity of OSS projects among 

potential contributors over time? 

To answer this question, we have used panel data of 272 projects over three years. We have applied 

exploratory data analysis to understand data more in-depth. The random effect model is employed to 

test the effect of the following social network on the OSS popularity among potential contributors. This 

study is explained through the lens of communication visibility theory. The analysis shows differences 

in affiliation network as the most common type of social network in OSS literature and following 

network as a newly introduced type of network. Cohesive following network has a positive effect on 

OSS success over time compared to affiliation network which negatively affects OSS. Inequality among 

team members also sends pulses to potential contributors. Also, we have figure out the importance of 

license choice for community members who track OSS projects for further contributions.   

RQ 2.  How to design a personalized rating mechanism for OSS projects hosted in a social coding 

platform based on developer’s preferences changes over time and projects changes over time? 

We have applied the design science research method to develop a new rating mechanism for OSS 

projects. We have considered developers socio-technical preferences on the projects hosted in GitHub. 

The rates are personalized rates based on developers’ socio-technical historical data. We have valued 

the most recent activities higher than the old ones as the recent ones show current taste of developers. 

The overall rating is calculated based on the multi-criteria decision-making technique. Several 

algorithms are presented, and the outcome is evaluated through a rigorous process. A proof-of-concept 

prototype is designed based on the algorithm and some baseline techniques. The overall implicit rates 

were fed to a collaborative filtering system to evaluate the performance and efficiency of proposed 

method. The proposed method outperformed other techniques. 
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RQ 3. What are the effects of adapted newcomers’ supportive strategies, project attributes, and diversity 

in the number of programming languages project on the success of OSS over time? 

For the purpose of this study, we have collected panel data for 1067 OSS projects over two years and 

in 4 observations. We have tested the success of projects based on their on-boarding and socialization 

process. We have applied socialization theory to explain the effect of newcomers’ supportive strategies 

on the success of OSS projects. We have evaluated the OSS success inside the project and among 

community members. Along with on-boarding strategies effect we have tested the effect of adapting 

multiple languages to OSS projects’ success over time. We have tested the effect of licenses type, 

originality of the project, and organizational support on the success of OSS projects. Also, we have 

included the interactions among success factors in our model. To understand data, we have applied 

several exploratory data analysis techniques. Random effect longitudinal data analysis technique is used 

for confirmatory analysis. Results confirm the effect of newcomers’ supportive strategies on OSS 

success. Programming language diversity effect is confirmed on project internal success. Developers 

and community are not interested in the forked projects and developers see more benefits to contribute 

to original projects. 

RQ 4. How does a successful newcomer perform and decide in the OSS community? 

To address this question, we have applied data mining techniques to analyse the main socio-technical 

characteristics of successful newcomers in a social coding platform. We have operationalized 

newcomers’ success by the reputation they gain over two years in the OSS community. Also, with 

technical view, we have checked if they have promoted to a team member. We have analysed the 473 

newcomers’ activities. We have employed visualization techniques to understand the dataset. We have 

applied random forest to find the most important factors for newcomers. This analysis reveals the 

importance of technical activities, the number of contributing projects and social activities. These 473 

newcomers have contributed to 752 projects in their initial contribution. We have analysed the socio-

technical characteristics of these projects to understand what type of projects are selected by successful 

newcomers. Results show that successful newcomers should join younger projects, project with the 

large set of members who participate in coding. We have applied regression analysis to confirm our 

findings from the EDA section. Finally, we have used decision tree analysis to find the possible patterns 

to choose projects successfully. 

7.2. Implications 

This thesis has implications for OSS contributors (experienced and newcomers), project owners and 

leaders, OSS supporting firms, and OSS scholars. 

 Experienced Developers: this study supports experienced developers to find the project which 

fits their socio-technical background. The proposed method for personalized implicit rating of 
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the OSS project can be used in collaborative filtering recommender systems. On the other hand, 

we have confirmed the role OSS projects social structure on developers’ interest in a project.  

 Newcomers: this thesis confirms the role of newcomers’ supportive strategies on the success of 

the OSS projects. Furthermore, we have applied machine learning techniques to understand 

what makes a newcomer successful in her initial contribution to the OSS community. This 

thesis support newcomers to decide better on their project selection. Also, we have shown the 

importance of both social and technical practices on newcomers’ reputation in the OSS 

community. 

 Project Leaders: this thesis provides insights for OSS project leaders to track the trend of 

internal communication of developers along with their external contributions. It shows the 

importance of license choice for attracting potential contributors. It elaborates how project 

leaders’ perspective on socialization, on-boarding strategies and diversity can impact OSS 

project success. 

 Supporting Firms: this thesis sheds light on OSS supporting companies to know where to invest 

and track trending and successful OSS projects. It shows the importance of project technical 

attributes and social structure for supporting firms’ decisions. 

 Scholars: This thesis opens new directions for OSS and online community scholar to better 

understand the socio-technical side of the OSS community. The new type of social network 

structure and a new perspective to project selection is introduced. Scholars can refer to future 

directions of this thesis to design new studies. The comprehensive literature review of this thesis 

can help scholars to have a good understanding of theories and metrics in OSS literature. 

 

7.3. Limitations and Challenges 

Although this research reveals some interesting findings of socio-technical aspects of the OSS 

community, similar to other studies, it faces some challenges, barriers, and limitations. In this sub-

section, we review the main limitations and provide our strategy and perspective regarding minimising 

their effect. 

This thesis uses secondary data collected from the most extensive online OSS community (GitHub). 

This fact indicates that this research is affected by the design and limitations of GitHub platform. The 

amount of recent publications around GitHub (Cosentino et al. 2017) and enriched historical data 

archived in GitHub repositories make this platform the best possible source to study socio-technical 

aspects of OSS development. To analyse GitHub, our main data seeds are collected from GhTorrent 

(Gousios 2013). GhTorrent has been used as the most common resource for GitHub mining studies 

(Cosentino et al. 2017). Although GhTorrent may have few issues in collecting and structuring data, we 
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have used GitHub API whenever we need to have more specific and detailed data. Despite the popularity 

of GitHub, there are some more resources such as GitLab, BitBucket, and Ohloh (OpenHub), which 

can be used for OSS community studies. However, most of the variables and settings of this thesis are 

borrowed from literature and can be applied on other resources. Thus, the research design is 

generalizable across social coding platforms. 

Another constraint for this PhD thesis is time. As this thesis is structured multidisciplinary and 

multimethod research, it requires a vast amount of data analysis and implementation. For this purpose, 

we have defined this study to be based on publication, and we planned to divide the main problem into 

smaller and detailed problems. This thesis is structured in the format of four papers. Nevertheless, future 

studies should fill the gaps and unsolved problems in this thesis. These future directions are listed on 

each paper in detail and are summarized in this chapter. 

 

7.4. Future Works 

Considering the main contributions and challenges of this thesis, we recommend few possible future 

works to extend the outcome of this research. 

This study compares two types of OSS social networks, including the affiliation network and the 

following network. There are possibilities to create other networks such as co-watching and co-

communicating networks. Also, these structures can be compared or study with other perspectives such 

as link prediction (Schall 2014), and community detection (Schall 2015).  

To extend the proposed project recommendation technique, we suggest designing a hybrid 

recommender system. Content-based and knowledge-based techniques (Ricci et al. 2011) can be 

combined with the current approach. Also, based on the created different types of developer to 

developer and developer to project social networks, we can define new similarity metrics or 

recommendation approaches., Future works can apply model-based techniques such as clustering and 

matrix factorization to reduce the sparsity and cold-start limitations (Ricci et al. 2011). 

As we have clarified the role of task labelling as a newcomers’ supportive strategy, we suggest 

designing new text and feature classifier techniques to find a suitable task for newcomers. In addition, 

based on understandings of newcomers’ success patterns, we recommend the development of a project 

recommendation mechanism for newcomers. This recommender system can work in parallel with our 

proposed recommendation technique for experienced developers. 
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Appendix 1: GhTorrent relational database schema 

In this appendix, the main structure of tables and their relations are represented as a diagram. This image 

is copied from ghtorrent.org Website 

 

Figure A.1. GhTorrent Schema 
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Appendix 2: Data Collection and Ranking Software Details 

In this appendix, we briefly introduced are deigned artefact for longitudinal data collection. Figure 2 

represents the data main form of the data collector project. Based on the search criteria on top, the 

application retrieves the projects created between the start time and end time. Also, user can select the 

main programming language project from drop-down. There are few functional buttons at the bottom 

of the form which helps to calculate projects age, last commit date, etc. In addition, Net Analysis button 

open a new form to create social and analyse the social network for each project. To retrieve more 

details about the project, this application offers two ways. To get the cross-sectional data, the user can 

use Open Detail Form for the list of selected projects. In the second method the user can use the Panel 

mode to get the longitudinal data based on the determined criteria. 

 

 

Figure A.2. Project selection form 

Figure 3 shows the pane data form. The panel data form has a selection for observation period in month 

and another selection for cumulative data. The functional buttons at the bottom populate data in several 

columns once they clicked. Also, the use can generate CSV of the result set and can merge these CSV 

files through another application. 
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Figure A.3. Panel data for project details 
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Appendix 3: List of Original Papers 

Paper 1 

This paper is to be submitted in an A*-ranked journal. 

Title: Longitudinal Analysis of the Effect of Different Social Network Structures on Open Source 

Projects Popularity 

Abstract 

Open source software phenomenon is getting popular over time. However, the open source market is 

very competitive and among millions of OSS artefact, only a few ones are getting successful. This paper 

is investing the antecedents of open source project popularity in a social coding platform. We have 

investigated the effect of the social structure of open source project in the popularity of project among 

community members. GitHub data is used to construct two different social networks for each project. 

The affiliation network represents the developers’ inter-relationship and the developers’ following 

network reveals intra-relationship of project developers. We have applied social network theory to 

define the embeddedness and cohesion of the project’s contributors. These network changes are 

observed over three years to build a longitudinal dataset. Results reveal that these networks are evolving 

differently and affecting OSS project popularity in different ways. Results can help OSS project leaders 

manage the project correctly and confirm the role of OSS developers’ interaction on the project’s 

success. 

Keywords: Social Coding, Social Network Theory, Open Source Software, Popularity, Following 

Network 

An abridged version of this article was published at WeB 2019, Munich. 

The early version of this paper was presented at WITS 2018, Seoul.  

A part of this study was presented at CONF-IRM 2019, Auckland. 

 

Paper 2 

This paper is submitted to Information Systems Research (ISR) and is under revision for resubmission 

Title: Matching Supply and Demand in Open Source Software Development 

Abstract 

Growing popularity of OSS has attracted millions of developers to social coding platforms such as 

GitHub.com. However, it appears that OSS software is becoming a victim of its own success because 
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finding the right project, among millions of projects hosted on social coding platforms, is a gruelling 

task for developers. Lack of match among developers and projects has resulted in high developer 

turnover and project failures. In this context, the evolving nature of developers’ preferences and 

projects’ goals, complicates matching of developers and projects.  

This paper proposes a new artefact based on collaborative filtering (CF) recommendation technique to 

recommend OSS projects to developers. The dynamic nature of projects’ evolution and the developer’s 

preferences makes this a very different problem than, say, recommending products to consumers. Our 

proposed method uses developers’ socio-technical activities to capture their evolving preferences and 

project goals and creates an implicit personalized project rating/ranking for developers. A multi-criteria 

decision-making technique is used to generate an overall rating based on developers’ different types of 

activities. The proposed artefact has been evaluated with the real-world data from GitHub. Our results 

show that developers who join projects that we recommend, are among the top contributors on these 

recommended projects, and vice versa for the developers who join projects that we don’t recommend. 

The comparison of proposed method with other state of the art collaborative filtering approaches shows 

promising results. 

Keywords: Socio-technical, Open Source Software, Recommender Systems, Collaborative Filtering, 

Design Science, Social Coding, Multi-Criteria Decision-Making (MCDM) 

An abridged version of this article was presented at WITS 2016, Dublin. 

The early version of this paper was published at ECIS 2016, Istanbul 

 

Paper 3 

This paper is to be submitted in an A-Ranked journal.  

Title: Determinants of Newcomers’ Supportive Strategies and Strategical Decisions on Open Source 

Projects Success: A Longitudinal Study of a Social Coding Platform 

Abstract 

The antecedents of open source software (OSS) success have been investigated in the previous studies. 

OSS projects success is highly dependent on volunteers’ contributions. OSS projects should attract 

newcomers and experts to be successful. This paper extends the literature by focusing on the role of 

newcomers’ supportive strategies on the success of open source projects. A longitudinal dataset of 1069 

projects from GitHub is used to test the research model empirically. Different aspects of OSS success 

are considered in this study. The result of panel data analysis shows the significant and positive impact 

of applying newcomers’ supportive strategies on projects’ success over time. Besides, this study 
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investigates the effect of programming language diversity, license choices and forking on the OSS 

projects’ success. The outcome of this study provides managerial and practical insights for OSS 

practitioners and researchers. This study reveals the importance of strategical decisions on the success 

of OSS projects. 

Keywords: Open Source, Newcomers, Project Success, Social Coding, Programming Language 

Diversity 

An abridged version of this article was published at PACIS 2019, China. 

A short version of this paper is published at CHASE 2019, Mont-Real, Canada. 

 

Paper 4 

This paper is to be submitted in an A-Ranked journal. 

Title: Success Pathway: How Newcomers Gain Reputation in the Open Source Community 

Abstract 

Open source software (OSS) relies on contributions made by volunteers and newcomers to survive. 

Open source development is a socio-technical process that requires newcomers to have technical and 

social skills to succeed. Social and technical challenges faced by newcomers contributing to OSS 

projects often lead them to discontinue their involvement resulting in a rapid developer turnover in OSS 

projects. This paper investigates OSS factors that contribute to a newcomer gaining a high reputation 

and succeeding within an OSS project development environment. The important role social skills play 

in newcomers’ reputation was observed by applying exploratory data analysis on GitHub data. This 

exploration show that concurrent contributions to multiple projects increase the chance of popularity 

within such an environment. The main project attributes that successful newcomers contributed to 

during the early stages of their OSS community involvement were analysed.  We found that contributing 

concurrently to multiple projects and joining younger projects increased the chance of newcomer 

success. These findings will encourage researchers to continue seeking insights into newcomer 

behaviour, as such findings are extremely useful for newcomers to make better decisions and for project 

leaders to better understand how to be more supportive of newcomers. 

Keywords: Newcomers, Open Source Software, Reputation Analysis, Exploratory Data Analysis, 

Social Coding, Machine Learning 

An abridged version of this article was published at PACIS 2018, Japan. 

The early stage of this paper is published at ICSE 2018, Sweden. 
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Appendix 4: List of published papers 

 

1. Bayati. S, Tripathi. A, “Designing a Knowledge Base for OSS Project Recommender 

System: A Big Data Analytics Approach”, European Conference on Information 

Systems (ECIS), 2016, Turkey, AIS Library 

2. Bayati. S, Heidary. M, “Information security in software engineering, analysis of 

developers communications about security in social Q&A website”, Pacific-Asia 

Workshop on Intelligence and Security Informatics, 2016, New Zealand, Springer 

(LNCS) 

3. Bayati. S, “Security expert recommender in software engineering”, ACM/IEEE 

International Conference on Software Engineering (ICSE), 2016, Argentina, 

ACM/IEEE 

4. Bayati. S, Tripathi. A, “Rating Open Source Software Projects Based on Developers’ 

Socio-Technical Skills”, Workshop on Information Technology and Systems (WITS) 

2016, Ireland 

5. Bayati. S, Tripathi. A, “Analysis of open source software projects popularity among 

developers”, Workshop on Information Technology and Systems (WITS) 2017, South 

Korea 

6. Bayati. S, Peiris. A, “Road to Success: How Newcomers Gain Reputation in Open 

Source Community”, Pacific Asia Conference on Information Systems (PACIS), 2018, 

Japan, AIS Library 

7. Bayati. S, “Understanding Newcomers Success in Open Source Community”, 

ACM/IEEE International Conference on Software Engineering (ICSE), 2018, Sweden, 

ACM/IEEE 

8. Bayati. S, Peiris. A, “Role of Newcomers Supportive Strategies on Socio-Technical 

Performance of Open Source Projects”, Pacific Asia Conference on Information 

Systems (PACIS), 2019, China, AIS Library 

9. Bayati. S, “Effect of Newcomers' Supportive Strategies on Open Source Projects Socio-

Technical Activities”, International Conference on Cooperative and Human Aspects of 

Software Engineering (CHASE), 2019, Canada, ACM/IEEE 
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10. Bayati. S, Tripathi. A, “Antecedents of Different Social Network Structures on Open 

Source Projects Popularity”, Workshop on E-Business (WeB), 2019, Germany, 

Springer (LNBIP) 

11. Bayati. S, Heidary. M, “Time Series Analysis of Open Source Projects Popularity”, 

Workshop on E-Business (WeB), 2019, Germany, Springer (LNBIP) 
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