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ABSTRACT 

 

With the rise of developer social networking sites like Stack overflow, LinkedIn and GitHub, 

a huge amount of important information about developers’ activities are generated every 

second on the internet. With the rapid increase of these data, plenty of research have been 

performed to detect experts in the questions answer communities and social coding platforms. 

But still, these studies focused on assess developers’ skills based on a single platform. 
Therefore, this study will evaluate and assign overall expertise scores to developers 

considering their contributions to the developer community. Therefore, developers will be 

evaluated by considering both the qualitative and quantitative factors in two major categories, 

which are Q&A skills and coding skills. Stack Overflow and GitHub will be used to gather 

out the necessary data, respectively. Then, a scoring model was developed to analyse user 

activities and behaviours on the above-mentioned platforms to calculate a score according to 
developers’ proficiency. Then by normalizing the generated score using normalCDF, users are 

classified into the classes accordingly. Since most hiring managers consider GitHub, Stack 

Overflow profiles are more reliable than a candidate’s custom-made resume. The portfolio 

system of the ProbExpert will offer developers a fully fledge auto-generated portfolio by 

filtering the necessary information of the above-mentioned gathered dataset.  This portfolio 
will contain references to the user’s research papers, blog articles, git contributes, academic 

qualifications, employment history, etc. Finally, the Q&A,  and coding scores will be displayed 

next to the developer’s profile picture using the results generated by the above-mentioned 

ranking algorithm. 

. 

Keywords: bell curve, normal CDF, portfolio generation, user ranking 
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1 INTRODUCTION 

 

1.1 Background Literature 

 

 

Modern software development heavily depends on social coding platforms such as 

GitHub and GitLab to increase productivity and reduce time-to-market[1]. As a result 

of this, the platforms mentioned above are frequently used by developers to 

demonstrate their expertise and establish an online portfolio of their development 

activities[2]. Nevertheless, these platforms are not developed for this scenario; Active 

programmers use the limited social components of these platforms to promote 

themselves by showcasing their exciting projects and contributions[2]. Since the 

information of these platforms could not be altered, and they contain all the actual 

development statistics of a developer, profiles created from such social coding 

platform accounts are seen as more dependable than Resumes in terms of assessing a 

candidate’s technical abilities[3]. Therefore, potential employers and recruiters often 

consider reviewing their candidates’ profiles in the recruitment process. 

Apart from social coding platforms such as GitHub, the other most significant platform 

developers spend most of their time finding answers for their tempting questions is 

StackOverflow. StackOverflow is the dominant Q&A system on the internet for 

programmers[4]. Stack Overflow has over 14 million registered users and has received 

over 21 million questions and 31 million answers as of March 2021.  As a result, 

developers who made successful significant contributions via StackOverflow get 

recognised by the community as the experts of their subsequent fields[5]. Furthermore, 

these contributions lead them to have more excellent job opportunities in their fields.  

However, the above scenario is only valid for the top 0.001 contributors, whom 

StackOverflow itself nominates[5]. Furthermore, it does not provide a feature for 

identifying other developers apart from its built-in reputation system. Since this 

reputation system is solely based on the upvote and downvote mechanism, A beginner 
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user could get lucky by asking a question related to the latest technology, which hasn’t 

been asked on the platform before and get plenty of upvotes[4]. Along with that 

scenario, there are few other scenarios that are thoroughly explained in the Sparrows 

and owls[4]. As a result, recruiters have to spend a major quota of their time going 

through the candidates’ StackOverflow accounts to find out whether their 

contributions are significant or not[6]. However, to determine a developer is really 

skillful enough, scanning a StackOverflow profile is not enough because it gives 

theoretical knowledge of the developer rather than practical coding and software 

development skills[7]. Therefore, recruiters also have to consider developers’ actual 

coding behaviors via reviewing their activities on social coding platforms such as 

GitHub to assess a developer in full[7].  

Since both of these above platforms do not provide any out of box feature for this need, 

plenty of research have been carried out to detect experts in question -answer 

communities and social coding platforms. As an extension of these researches and to 

give solutions to the above-discussed issue, this work focuses on creating a fully fledge 

auto-generated portfolio and a ranking system for developers based on considering 

their opensource contributions to GitHub and StackOverflow. It is developed and 

integrated as a feature into the ProbExpert Novel Q&A platform.  

Finding experts on questions answering platforms has become a crucial task in recent 

years with the rapid increase of Q&A platforms[8]. The primary reason for this is 

individuals admit that experts have the knowledge to solve issues within considerably 

less time and present profound guidance[9] for their questions. Stack Overflow, 

GitHub issues[2], Quora play a significant role when this comes to the developers’ 

online communities. Like all other social platforms, such community-driven Q&A 

platforms also suffer from the quality issue[8]. Leading developer’s online community 

platforms like Stack overflow and other Q&A platforms follow community 

feedback[10] to evaluate the answers by using an upvote, downvote, edit, and flag 

mechanism[5]. Still, it may take a long time to receive these feedbacks from the 

community[4], and for less popular topics, it usually takes days. On the other hand, 

when the number of unsolved question overgrows, some questions will not receive the 
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attention they should receive[11]. Therefore most of the time, these questions will get 

answered by novice users[9], and the asker will not get the optimal answer for their 

problems[11]. Consequently, the asker and other users who follow the solution will 

waste a lot of time due to the novice answer’s nature. Therefore it is essential to have 

a way to find out whether the user who answered the question is an expert or not in the 

related field[9]. Consequently, researchers have taken many approaches to overcome 

this issue.  

Link analysis-based ranking algorithms are the earliest approach to this problem. 

These Link analysis ranking algorithms prove their strength in ranking web pages 

relevant for a particular search query[12]. HITS[13] and PageRank[14] algorithms are 

the most famous and widely used algorithm for this purpose. Hyperlink Induced Topic 

Search (HITS) could find and rank webpages relevant for a particular search. This 

algorithm’s idea is that a website should link to other relevant sites and be linked by 

other important sites[12]. Therefore HITS uses hubs and authorities to define this 

recursive relationship between the webpages[15]. Researchers used this algorithm to 

estimate users’ expert level by showing question answering relationships in a user 

graph. In this graph, each user is depicted as a node, and edges indicate the question-

answering relationship between two users[8]. In 2007, Zang developed the 

ExpertiseRank model[16], which is based on the PageRank algorithm. His model 

considers the number of users one has helped and also whom they helped. In the same 

year, Jurczyk proposed a HITS algorithm[15] model to calculate user expertise score 

by evaluating askers as hub nodes and answerers as the authority nodes. However, all 

these models have failed to assess the given answers quality information like best, 

informative, and usefulness.  

As a result of this, all most all the following researches mind to include the best, top 

voted answer tag when estimating the expertise score of users[8]. In 2009, Bian et al. 

took an approach to this problem by proposing a mutual reinforcement[17] method to 

evaluate user expertise score with the answer quality. With the rapid increase of the 

Q&A platforms, researchers found out that user behaviors also have significant weight 

when detecting experts. Patil et al. study[9] showed that expert prefers to answer the 
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questions which already have answered but haven’t received the optimal answer. So 

they tend to answer this type of problem more. By doing that, they believe they can 

make more valuable contributions to the community rather than answering random 

questions. Based on this finding, Bougessa et al. model users’ question selection bias 

to identify experts[18]. That model also considers the number of the best answer tags 

when filtering experts from the average users. In 2010, Wei-Chen et al. proposed a 

novel hybrid approach[19] that considers user subject relevance, user reputation, and 

authority of a category in finding experts. It is the first model up to that time which 

considers both users’ reputation and the users’ domain knowledge to th e target 

questions. In 2014, Zhao proposed a topic-sensitive probabilistic model[8] for detect 

experts in the question-answer communities. 

Since this study focused on finding experts in the programming field, evaluate their 

skills solely on Q&A platforms will not be enough. To improve the proposed user 

score estimation algorithm’s success rate, its essentials to consider developers’ 

statistics on social coding platforms such as GitHub and Gitlab. These platforms 

enable developers to efficiently work on projects,  connect with other developers, 

volunteer for open source projects, and “be seen” by the community[3]. Consequently, 

employers and HR managers often scan candidates’ GitHub profiles in the interview 

process to learn more about their skills and interests. In reference [6], Capiluppi et al. 

identified four main insight that employers can derive from developers’ GitHub 

profiles by doing an interview-based study with several IT employers. Those are  

• Shared open-source values  

• Community acceptance of works and contribution quality  

• Project management skills  

• Passion for coding.  

Joao Eduardo et al. propose an unsupervised machine learning approach to identify 

experts in software libraries and frameworks among GitHub users. Joao collected 13 

features about developers’ activities on GitHub in three popular JS libraries to build 

their unsupervised (based on clustering) model.  
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However, these previous researches do not provide an overall expertise score for a 

developer because they focus on the general type of platforms or are platform 

dependent. Although other professional social platforms like LinkedIn evaluate 

developer’s skill levels in more intangible ways, such as endorsement from peers and 

the number of connects. They do not include information about a user’s own hands-on 

experience; instead, they depend on the opinions of a user’s contacts to build a picture 

of his or her knowledge. 

 

1.2 Research Gap 

 

Since plenty of research have been performed to detect experts in the questions answer 

communities and social coding platforms within the last two decades, most of these 

studies focused on evaluating developers on individual platforms. Furthermore, they 

are focused on just finding the experts. No studies focused on classifying users 

according to their skill level (e.g., beginner, intermediate and advanced). The 

Prevailing algorithms that developed to detect experts on Q&A platforms only focused 

on the general type of Q&A platforms such as Quora and Yahoo Answers, and No 

study focused on the platforms in the specialized field such as programming. 

Therefore, it isn’t idle to use previous research outcomes directly to evaluate 

developers’ proficiency in specialized platforms such as Stack Overflow[20],[2], and 

[21] are the most famous studies conducted to assess developers on social coding 

platforms like GitHub. As in the Q&A platform-based research, these are also solely 

focused only on GitHub.  
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Table 1.1: Prevailing algorithms' appropriateness to assess developers' skills 

Algorithm Suitability to assess developers 

Page Rank Not suitable (Assess users via link analysis) 

HITS Not suitable (Assess users via link analysis) 

Mutual Reinforcement approach Considers how many people are involved and who 

has helped whom. 

Hybrid approach of Wen-Chen Considers five types of relationships between 

users. 

Topic sensitive probabilistic model Considers the interests, expertise, and reputation of 

users. (extended version of Page Rank) 

Purposed model Assess, score and rank developers based on their 

opensource contribution statistics. 

 

In this era, advanced knowledge-sharing social platforms have increasingly attracted 

people’s attention due to their importance and impact on society. These platforms 

combine a broad range of knowledgeable data, including discussion forums (like 

Quora, Stack Overflow), blogging networks (Medium, DEV), code hosting platforms 

(GitHub, Gitlab, Bitbucket), and professional networking sites such as LinkedIn. With 

the unstoppable rise of popularity, these platforms have moved beyond personal use. 

They have been increasingly used by organisations when recruiting employees. 

Therefore, these platforms start to focus more on generating a detailed profile for their 

users. These profiles contain users’ reputations, contributions, activities, etc. But the 

problem is that these profiles are platform dependent. Therefore, up to today, there are 

no methods users can use to showcase all of their works and contributions in a single 

place (single platform). 

 

 

 



 

7 

 

Table 1.2: User profile details of the leading developers' platforms 

Platform User-level Publications Open-Source 

contributions 

Detailed 

Bio 
Blogs 

Stack 

Overflow 

Based on the 
platform 

reputation 

points 

None None Medium None 

LinkedIn Based on 

endorsements 

User has to 

post manually 

None Good None 

Medium None None None Low Platform 

Dependent 

GitHub None None Available Low None 

ProbExpert Based on all the 
platforms 

activities and 

behaviors 

Available Available Good Platform 

Independent 

 

 

1.3 Research Problem 

 

In this technological era, the digital portfolio has become the primary method of 

showcasing individual work. Certain professions like designers, artists, and decorators 

used to showcase their works using a portfolio, but today, any professional in any 

career can and should consider starting a portfolio. According to the survey conducted 

with undergraduate university students, Figure 1.1 shows 68% of undergraduates do 

not maintain a portfolio to showcase their work. Yet, according to Figure 1.2, more 

than 90% of them see maintaining a portfolio as an important thing to do. 
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Figure 1.1 – Summary of responses for maintaining a portfolio. 

 

 

 

Figure 1.2 – Summary of responses for the importance of having a portfolio. 

 

Since most hiring managers examine their candidates’ portfolios while in the interview 

phase, developers also tend to maintain portfolios themselves. Developing a good -

looking portfolio is a time-consuming task and requires a lot of skills such as Web 

development, UI/UX, SEO, etc. Figure 1.3 clearly shows most of developers suffer 

from these issues. 
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Figure 1.3 - Summary of responses for reasons to not maintain a portfolio. 

  

Building a one without following these practices will depict developers’ talent to the 

recruiters negatively. Therefore, most of the developers ignore making portfolios for 

themselves. Figure 1.4 shows, developers who somehow create a one also suffers from 

maintaining them in a timely manner. 

 

 

Figure 1.4 - Summary of responses for update frequency to the portfolio 

The novel platform, ProbExpert, which is purposed, will offer developers a fully fledge 

auto-generated portfolio out of the box. It will track and showcase all the contributions 

committed to leading Dev communities on the internet. Therefore, users no need to 
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update them with their recent works. The proposed platform is smart enough to identify 

and update itself according to user’s recent contributions.  Since all the information 

are precisely optimised for search engines, these portfolios will appear in the search 

results of major search engines such as Google, Bing, etc.  

According to the recent researches [22], newbies tend to follow a role model in their 

respective fields or their dreamed career path. When it comes to the IT industry, 

developers often use LinkedIn, GitHub, Stack Overflow, and Medium to follow their 

role models [23]. But the problem here is developers have to stay in touch with all of 

these platforms to get a big picture of their role model.  

They do not have a way to track and analyse all the significant contributions done by 

their dream role model in a one-stop. Figure 1.5 clearly proved that developers are 

suffering from not having this kind of platform to follow. Since the proposed platform 

has all of these details ordered precisely on a timeline, it will give newbies a solid idea 

of how they should shape their path accordingly to pursue their dreamed profession or 

career goals by seeing an expert’s portfolio.  

 

 

Figure 1.5 – Summary of likeness to find and follow the experts related to the career path. 
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Another major problem developer still suffer from is that no platform offers a method 

to get in touch with the experts. Using ProbExpert, the proposed platform, users will 

be able to get or book a session with their chosen experts by spending his/her earned 

points on the platform. The feature mentioned above is the most awaited one for many 

newbie developers. Since getting an answer to a posted question is a very time-

consuming task, users can use this feature for emergency work. 

From the view of an expert, no matter how many contributions have been made for a 

specific platform, there is less reputation when moving from different platforms. 

Because every platform generates users’ reputation by only considering the 

contribution towards the platform regardless of the current proficiency of the 

developer. Therefore, every user has to earn reputation points from the ground up. 

Especially experts who will not receive a proper reputation for proficiency at the 

beginning tend to quit or neglect such platforms as building a fitting reputation is time-

consuming [24]. Without having an adequate recognition of the knowledge, 

contributions to questions may be often overlooked by other users misunderstanding 

the expert as a novice. 

Social coding platforms usually provide user-based statistics but do not summarise a 

developer’s programming skills or highlight the programming languages that a 

software engineer masters during her/his active years of contributions [11]. Although 

other professional social networks, like LinkedIn [12], provide means to capture users’ 

expertise in more intangible ways, e.g., via endorsements from peers, they do not 

provide insights into the actual hands-on experience a user has gained. They just rely 

instead on opinions from a user’s connections in order to create a view of his/her 

expertise. 
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1.4 Research Objectives 

 

Main Objective 

 

• Detecting users’ proficiency level along with an auto-generated portfolio 

 

To Address the main objective, A system has been developed to calculate developers’ 

expertise according to their behaviors and activities on social code management 

platforms and community questions answers platforms. In this research, GitHub and 

StackOverflow have been selected respectively for the scenario mentioned above. 

Advanced custom-made web crawlers have been used to gather the developers’ 

information. Then, the integrated scoring model predicts the developers’ proficiency 

level (Newbie, Intermediate, Professional, Expert) and calculates a score for the 

developer. Finally, the system generates a fully fledge portfolio for the user by filtering 

out unnecessary details from the gathered data set. This portfolio contains all the 

significant opensource contributions, processed git statics, employment history, and 

more. Since most of these details are ordered precisely on a timeline, it will give 

newbies a solid idea of how they should shape their path accordingly to pursue their 

dreamed profession or career goals by seeing an expert’s portfolio. Furthermore, this 

system is equipped with a leaderboard, which ranks all the registered users according 

to their generated score. Portfolios and this leaderboard will help recruiters identify 

the candidates’ skills and proficiency level and ease the process of finding skillfully 

unemployed developers in no time. 
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Specific Objectives 

In order to reach the main objective, the specific objectives mentioned below have to 

be fulfilled. 

 

Serverless RESTful API to retrieve data from Github Graphql service 

GitHub provides a GraphQL API to query all of its public data, which makes it the 

primary resource for retrieve developer statistics for this research. Since it has a strict 

rating limit (5000 requests for an hour), and a response query for a developer does not 

changing frequently, A serverless cloud API called Git-Data-Miner (GDM) has been 

developed from our end to retrieve users’ data and to stop duplicate requests within 

24hrs in order to keep the request count below the Github rate limit. The developed 

restful API has been used throughout this research to communicate with GitHub to 

query all the required information. 

 

Web Scrappers to gather other necessary developer’s statistics 

Since other platforms such as StackOverflow and LinkedIn do not provide a public 

API to collect user-related information, two different scrapping tools have been 

developed from the ground up to scrape the necessary pieces of info rmation. 

BeautifulSoup4 and Selenium were mainly used to build these scrappers based on 

Python3. Since the system’s main backend server is based on Node.js, its child process 

functionality has been used to run the python scrappers on top of it.  

 

Scoring model to generate a score for developers activities and behaviours 

To develop a scoring model to generate a score based on developer statistics on 

GitHub, First need to identify and extract the meaningful feature values out of the raw 

data set. Then adding each feature for specific weight, defining rewarding and penalty 
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factors by considering the sample dataset of 50 developers, the proposed scoring model 

has been developed. 

 

Ranking algorithm to classify developers into suitable classes 

Normal CDF has been used to generate the normalised score for each developer 

according to the received score from the scoring model. Then using the bell curve 

graph, the user has been classified into the related class (Newbie, Beginner, 

Intermediate, Advanced, Guru) accordingly.  

 

Automated portfolio generation functionality  

By consuming developer’s GitHub, Stack Overflow, and LinkedIn’s scraped data, it 

generates the portfolio by showcasing the developer score and other valuable and 

significant developer activities using timelines, progress bars, and graphs.  
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2 METHODOLOGY 

2.1 System Overview 

 

The ProbExpert developer ranking system consists of three individual scorer models 

to evaluate developers' skills in three different major categories: Coding, Q&A, and 

developer professional achievements. GitHub, Stack Overflow, and LinkedIn are used 

respectively to identify and evaluate the areas mentioned above of a developer. In these 

three communities, GitHub is the only platform that offers a public REST API to its 

complete data set. Therefore a tool called Git-Data-Miner has been developed from 

our end to communicate with the GitHub Graphql API. It helps to keep the ProbExpert 

backend and the frontend isolated from the Graphql API and minimize the code 

complexity of those two repositories.  

Then to scrape data from GitHub and LinkedIn, separate two web scrapers have been 

developed from the groundup using Beautiful Soup 4 and Selenium. Python3 was used 

to develop these scrapers. Since ProbExpert’s central server runs on Node.js server, its 

child processes has been used to run these python script on top of Node server.  The 

high-level architecture of the system is shown in Figure 2.1.  

 Furthermore, when evaluating a developer, coding skills and contributed projects play 

a significant role. Therefore, the ProbExpert ranking algorithm gave the 80% of the 

total weight to the GitHub scorer model while giving only 20% to the other two models 

when finalizing the total score of a developer.  

ProbExperts frontend has been developed using Next.js on top of the React.js library 

to enable the server-side rendering to achieve better SEO results and better 

performance. Therefore, all the generated portfolio on the platform has been stored on 

the server fully rendered. This enables all the major content delivery networks (CDN)  

to cache these pages to provide faster access.  GitHub Oauth2 service has been used to 

verify the users who generate their portfolios. Since the portfolio user model is a bit 

complex and consists of many dynamic data and most of them are not available for all 

the users, a non-relational database needed to be selected. Therefore MongoDB cloud 
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Atlas database has been selected as the central database for the ProbExpert platform. 

Each component of the High-level diagram will be thoroughly discussed in the coming 

up sections. 

 

 

Figure 2.1: High-level architecture diagram 
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2.2 Data Gathering 

 

Three different scrapping tools have been developed from the ground up to collect the 

developers' data from GitHub, Stack Overflow, and LinkedIn. Since Stack Overflow 

and LinkedIn do not provide a public API to gather their users' data, BeautifulSoup4 

and Selenium were used to build these two scrappers. However, unlike others, GitHub 

provides a GraphQL API to query all of its public data. Since it has a strict rating limit 

(5000 requests for an hour), and these response query results not changing frequently, 

A tool called Git-Data-Miner has been developed from scratch to retrieve users’ data 

and to stop duplicate requests within 24hrs in order to keep the request count below 

the GitHub rate limit. 

 

2.2.1 Git-Data-Miner 

 

Git-Data-Miner tool has been developed from the ground up to communicate with the 

GitHub Graphql API. As discussed in the above section, to keep the query amount 

below the limit and stop unnecessary duplicate requests, request caching feature has 

been enable using the cloud function of the Vercel cloud platform. More details about 

the implementation and the deployment of the application will be discussed in section 

3.2  

 

2.2.2 Dataset 

 

To find out the useful features that help to determine users’ proficiency, the first step 

is to collect all the available behaviors and activities via GitHub Graphql API. Then 

valid features have been selected by analyzing each feature thoroughly visualizing the 
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statistical relationship between them using Seaborn library based on matplotlib. 

Therefore using our Git-Data-Miner tool, we query the below data via GitHub Graphql 

API.  

• Name 

• Account Created Date 

• Is Hireable 

• Number of Organizations worked at 

• Total Commit Contribution 

• Number of repositories contributed to 

• Total Pull Request count 

• Total Issues count 

• Total Individual Repositories 

• Total Followers 

• Total Stargazers 

• Total Discussion Comments 

• Total approved comments as answered 

 

The above-listed data can be query directly via the given Graphql API. However, since 

this data is not enough to come to a good conclusion about a user’s proficiency, few 

custom methods have been used to filter out valuable information through this API. 

These custom methods will be discussed in the implementation section in detail. These 

methods focused on finding the users opensource contribution thoroughly. So, user’s 

open-source contributions and individual repositories have been divided into three 

sections to get more valuable information. Below is the list of details filtered out from 

these custom methods. In a GitHub repository, Stargazer is another GitHub user who 

has starred the repository to show their appreciation and bookmark it for later use. 

Therefore, the total number of stars received by a repository is considered as a solid 

metric to determine whether the project is well tested, mature and popular among the 

developer community [23]. 
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• High Contributed Repositories (GitHub Stars>=10,000) 

• Medium Contributed Repositories (10,000> GitHub Stars>=5000) 

• Low Contributed Repositories (5000> GitHub Stars>=500) 

 

• High Individual Repositories (GitHub Stars>=1000) 

• Medium Individual Repositories (100> GitHub Stars<1000) 

• Low Individual Repositories (GitHub Stars<100) 

 

Then to determine the effectiveness of the above features to evaluate a developer skill, 

50 GitHub profiles have been selected and extracted using the Git-Data-Miner. Since 

the main purpose is to find out how these features behave according to the users’ 

proficiency level, a balanced dataset based on the stratified sampling method has been 

chosen. This balanced dataset consisted of users who belong to the below categories.  

 

• Top Opensource Contributors 

• GitHub Star Developers 

• Software Engineers 

• Software Engineering undergraduates 

• Beginners (profiles which aged less than one year) 

 

Here, as Top Opensource contributors, chosen the best-renowned developers in the 

opensource software field, Dan Abramov (Author of Redux), Taylor Otwell (Author 

of Laravel), and Evan You (Author of Vue.js). Since their projects are available on 

GitHub as open-source repositories, their profiles have received the top attentions of 

the Opensource contributors. Therefore, analyzing these profiles, easily find out how 
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these features behave in the experts' profiles. However, edge cases such as Linus 

Torvalds (Author of Linux) have been removed from the dataset to improve the 

accuracy of the analysis. 

GitHub Star Developer is a program that GitHub offers to find out the best developers 

and open-source contributors using community feedback. In there, developers can 

nominate the best impactful developers who contribute to the community constantly. 

Therefore, only the top developers got selected as a GitHub Star in a year. So, after the 

top renowned opensource authors, GitHub stars have the most impactful accounts in 

GitHub.  

Then to represent the other user categories, Software Engineers who contribute to and 

maintain their GitHub account selected as 3 rd class of our dataset. As the 4 th class of 

the dataset well maintained 4 th year Software Engineering undergraduates accounts 

have been selected. Finally, to identify the beginner GitHub users’ behaviors, accounts 

aged less than one year have been selected. So each class consists of 10 GitHub 

profiles. 

 

 

2.2.3 Data visualization and feature extraction 

 

To analyze each feature behavior against the selected classes, Jupyter notebook has 

been created from the ground up using the Seaborn library to visualize the statistical 

relationship of the data.  

 

• Number of followers 

 

GitHub provides followee, and follower features like most social media platforms do 

today. There, developers can follow the other users as they want but cannot control the 
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number of followers. Therefore, this metric is an excellent source to identify how the 

follower counts change according to each class.  

 

Figure 2.2: ECDF distribution of total followers count 

 

Figure 2.2 illustrate the cumulative distribution of the total followers against each 

class. According to the distribution, more than 40% of Top-Opensource contributors 

have 40,000 or more followers. On the other hand, undergraduates and beginner 

developers do not have many followers at all. Therefore, this metric has been selected 

as a valid feature to identify and evaluate GitHub users’ proficiency. 

 

• Number of Programming languages 

 

Graphql query has been created to loop through each contribution to gather the 

programming language to determine the number of languages a developer uses for 

their coding. Since GitHub API only allows to query contribution details of last 4 years 

of a developer, It is impossible to identify all the languages used by a developer with 

older accounts.  
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Figure 2.3: Boxplot graph of the usage of programming languages 

 

According to Figure 2.3 software engineering undergraduates have the maximum 

average for programming language usage. It makes sense because an undergraduate 

has to go through many programming languages in their four years of academic life. 

Furthermore, this graph shows that when a programmer gets more experience, they 

tend to stick with fewer programming languages. Since there is no possible way to 

query language records more than five years deep, this metric has been rejected from 

our scorer model. 
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• GitHub Profile Age 

 

Figure 2.4: GitHub profile age distribution 

 

Figure 2.4 Bar plot graph shows the average age distribution against the classes. Here 

we can clearly see that age gradually rise from beginner to top opensource contributors. 

Therefore, this metric has been considered as a useful feature to determine user 

proficiency. 

 

• Availability to work 

 

Graph of Figure 2.5 illustrates the availability status for work of each class. According 

to the bars of top opensource contributors and beginner developers, we can identify 

they do not prefer to work. However, in GitHub, the default status of this option is 

false. Therefore, beginners might be not aware of it to turn it on. However, since there 

is no valid relation between these data, this feature was rejected from the scorer model.  
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Figure 2.5: Availability for hire 

 

 

• Contribution to the Opensource repositories 

 

Since GitHub Graphql API does not provide a direct way to query this information, a 

custom query has been implemented to retrieve the contributed opensource 

repositories data. Then in the Git-Data-Miner, these repositories have been filtered into 

three different arrays according to their significance, which are respectively discussed 

below. 

Repositories that have more than 10,000 stargazers have been selected as High 

Opensource repositories. Since repositories that have over 10,000 stargazers are well 

known and maintained up to the community standard. Therefore, contributions made 

to these kinds of repositories are considered as significant contributions. Furthermore, 

it requires lots of experience and knowledge. 
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Figure 2.6: Contributed Repositories (GitHub Stars>=10,000) 

 

Figure 2.6 depicts a gradual increase from beginner developers to top opensource 

contributors. Therefore this feature has been considered as a valid metric for the scorer 

model. 

 

Figure 2.7: Contributed Repositories (10,000>GitHub Stars>=5,000) 
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Figure 2.7 also illustrates a gradual increase from beginner developers to top 

opensource contributors. However, in this graph, the gap between each class has 

reduced. Considering the clean relation between the data, this feature has been selected 

as a valid metric for determining user expectancy. 

 

Figure 2.8: Contributed Repositories (5,000>GitHub Stars>=500) 

 

According to Figure 2.8, undergraduates also have made contributions to the low range 

opensource repositories. Considering the data distribution between the each class, this 

feature also have been selected as a valid feature for the scorer model.  

 

• Total Pull Request Count 

 

Figure 2.9 depicts the boxplot graph of the pull request made by each class. 

Considering the gradual increase of the pull request count from beginners to top 

opensource contributors, this feature has been selected as a helpful indicator to 

determine the user’s proficiency. 
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Figure 2.9: Total Pull Request Count 

 

• GitHub Discussion Statics 

 

Figure 2.10: ECDF graph of the discussion data 

 

GitHub Discussions is a collaborative communication forum for the community 

around an open-source project. Developers can ask questions about the issues, bugs, 
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improvements, technologies, etc. The experts who know the answers can comment in 

these discussions, and maintainers of the repositories can approve them as valid 

answers. Figure 2.10 shows the empirical cumulative distribution function of each 

class. According to the graph, GitHub-Star developers has participated in these 

discussions more than any other class. Furthermore, Figure 2.11 confirms the above 

theory by showing the ECDF of the approved answers. Therefore, this feature also has 

been considered as a valid metric to identify experts developer in GitHub.  

 

Figure 2.11: ECDF graph of the approved comments as answers 

 

• Total Received Stars 

 

Since GitHub Graphql does not provide a direct way to find the number of stars a 

developer received for their individual repositories, a custom method has been 

developed to loop through all the individual repositories to gather the total amount of 

received stars. According to Figure 2.12 there is a significant relationship between 

each class. Therefore, this feature has been considered as a valid metric for measure 

developer proficiency. 
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Figure 2.12: Distribution of the received stars  

 

• Created Issues 

GitHub Issue a solution to keep track of tasks, enhancements, and bugs for a repository. 

Most software projects have a bug tracker of some kind, and GitHub’s tracker is called 

Issues, and has its own section in every repository. 

 

Figure 2.13: Box plots of the created issues 
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Figure 2.13 depicts the boxplot graph of the total issues created by each class. 

Considering the gradual increase of the total issue count from beginners to top 

opensource contributors, this feature has been selected as a helpful indicator to 

determine the user’s proficiency. 

 

2.3 GitHub Scorer Model 

 

 

Figure 2.14: High level diagram of the GitHub Scorer 

The primary scorer model, which is GitHub scorer consists of 4 stages. In stage one, 

it gathers user data via GitHub Graphql API for the given username. Then inside the 

Git-Data-Miner, it filters all the required features discussed in section 2.2.3 for scoring. 

Then by multiplying each feature’s weights with given user’s feature values, the 

individual feature score is calculated. As mentioned in section 2.2.3, if the values user 

gained for the mentioned specific features are less than their lowest threshold, they are 

considered as penalty activities. Therefore the penalty score will be added to the total 

score as well. After calculating the total dev score, In stage 3, to determine the rank of 

the selected developer, the normalized score is calculated based on the Bell-curve[25] 

by consuming the derived TDS value from the previous step. The normal cumulative 
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distribution function (normalCDF) has been used to derive the normalized dev score 

from the generated score instead of using empirical rule. since empirical rule does not 

give the precise value for the result, ranking users based on those values will not be 

accurate.  However, it is impossible to calculate the cumulative distribution directly in 

JavaScript because it does not provide any built-in method to calculate the error 

function (erf) [26]. Therefore, by using the erf method of math.js opensource library, 

the normalCDF function was implemented. 

 𝑁𝐷𝑆 =  
1

2
 𝑒𝑟𝑓 (

𝑇𝐷𝑆 − 𝑇𝑊

√2  𝑇𝑅
) 2.1 

According to equation Error! Reference source not found., NDS gives the 

normalized developer score using TDS, summed values of assigned weight for each 

factor (TW), and the summed value of the weight of each rank (TR). 

 

2.3.1 User Classification based on Bell Curve 

 

 

Figure 2.15: Classes distribution on a bell curve 

 

 

Figure 2.15 illustrate the classes distribution on a typical bell curve graph, but in 

ProbExpert’s algorithm a separate bell curve graph generated for each developer 
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according to their NDS which is derived from TDS value. Since endpoint value and 

the standard deviation do not change, each bell curve will be created according to the 

TDS values which consider as the mean of the above equation Error! Reference 

source not found.. Therefore, distribution of the class ranges has been flipped to 

reverse the effect. Table 2.1 shows the updated ranges of the distribution. Finally, by 

considering the left tailed p-value from the generated bell curve, a user is classified 

into the related class according to the values of  Table 2.1  

Table 2.1: Distribution of the Classes 

Class Range 

Newbie 100-81 

Beginner 80-56 

Intermediate 55-46 

Advanced 45-26 

Expert 25-5 

Guru 5-0 

 

Below 3 test cases show how this classification works under the hood. 

Table 2.2: User info - test case 01 

Test case 01 

Username prabhuignoto 

TDS 62.58 

NDS 39.0641 

 

As the test case 01, an account of a Software engineer has been selected. Since TW 

and TR values do not change as explained earlier, below is the generated bell curve 

for this developer statistics.  
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Figure 2.16: Bell curve - test case 01 

According to the bell curve of Figure 2.16, there is about 39.06% of area has covered 

from the full curve when considered the left tailed p-value. Therefore, this developer 

will be classified as an Advanced developer according to the Table 2.1 

 

Table 2.3: User info - test case 02 

Test case 02 

Name Alex Ellis 

Username alexellis 

TDS 779.011 

NDS 0.0086 

 

As the test case 02, an account of a GitHub Star developer has been selected. Only few 

get selected as GitHub stars according to their contributions to the opensource 

community. below is the generated bell curve for this developer statistics. Since this 

user has very high value for TDS, left tailed p value of the generated bell curve has 

really small value, which is close to 0.0086%. Therefore, according to the Table 2.1 

this developer will be classified into the Guru class. 
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Figure 2.17: Bell curve - test case 02 

Table 2.4: User info - test case 03 

Test case 03 

Name Sathsara Gajanayake 

Username sathsaragajanayake 

TDS -164.914 

NDS 79.5746 

As the test case 03, an account of an beginner, who currently studies the 2 nd year of his 

IT degree has been selected. Since he does not have any significant activities yet in his 

profile, he has received a minus value for TDS. Below is the generated bell curve for 

his contributions. 

 

Figure 2.18: Bell curve - test case 03 

Table 2.1: Distribution of the Classes 
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Figure 2.18 illustrate that there is more than 79% of the bell curve has been covered 

from the left tailed p value in other words generated NDS value. Therefore, according 

to the Table 2.1 This student get classified into the Beginner class. 

 

2.3.2 StackOverflow and LinkedIn Scorer Models 

 

Stack Overflow and LinkedIn scorer models have also been developed using the same 

manner used to develop the GitHub scorer model. User Reputation, Total answered 

tags count, Total Number of Badges with their types, the number of endorsements, and 

the number of peer connections have been used as the features for these two models. 

Finally, the developer's overall score is calculated by giving 80% of the weight to the 

GitHub score and 10% each for the other two scorers. 

 

2.4 Automated Portfolio Generation 

 

By consuming the given usernames of GitHub, Stack Overflow, and LinkedIn of a 

developer, ProbExpert's portfolio system will first scrape and collect the developer 

activities and calculate the developer score as explained in the previous sections. Then 

it generates the developer portfolio by showcasing the developer score and other 

valuable and significant developer activities using timeline progress bars and graphs. 

Furthermore, it includes a leaderboard that assists recruiters and other users in finding 

out the experts on the platform. Since these portfolios needed to be optimized for 

search engines, Next.js [30] has been used on the top React.js library to enable static 

rendering. Therefore, all the generated developer portfolios can be cached on all the 

major content delivery networks (CDNs), and also, they are 100% accessible by web 

spiders to rank them on major search engines. Also, Next.js hybrid-static page 

generation method is used for loading the portfolios without any server-side 

computation by serving the pre-rendered pages stored in the server. 



 

36 

 

 

Figure 2.19: Use-Case Diagram of the Portfolio System 

 

Figure 2.19 shows the use-case diagram of ProbExpert’s portfolio system. Since need 

have verification system to identify users enters their own profile usernames. GitHub 

OAuth 2 service has been used. So, after they enter their usernames in the given dialog 

box and press generate button, they will redirect into the GitHub’s consent screen. 

After they successfully enter their credentials into the consent screen, by validating the 

returned OAuth code from the GitHub, the user portfolio will generate and get attached 

to their main ProbExpert’s profile. Then user has full access to its content and he or 

she can update the open details such as bio, profile image, etc. However, they do not 

get access to change the information generated from analyzing their social coding 

profiles. After making the necessary changes to their portfolios, finally, they can 

download the Online Portfolio in PDF format by clicking on the cv generate button.  
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Figure 2.20: Portfolio UI (WIP) 
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Figure 2.21: ProbExpert Leaderboard 
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2.5 Commercialization aspects of the product 

 

 Introducing ProbExpert into the market is a significant goal in this project. Below 

Figure 2.22Error! Reference source not found. illustrate the marketing plan and 

strategy we made for ProbExpert commercialization purpose.  

2.5.1 Premium Accounts for Hiring Managers 

As discussed in the literature survey and research gap, recruiting managers still do not 

have a single platform to evaluate all their candidates in a single place. Therefore, they 

have to go into each platform like GitHub, StackOverflow, and LinkedIn to evaluate 

each candidate. They can get rid of all the time-consuming hard work by just creating 

a recruiters premium account in ProbExpert platforms. Using the recruiter premium, 

they can get all the advantages listed below. Utilizing the following perks, 

organizations can save countless minutes on CV shortlisting and find the top 

unemployed developers in the field in no time. 

• Easily identify all the unemployed top developers using the leaderboard. 

• Evaluate their candidates' proficiency and contributions to the software field 

via generating the profile within a single click. 

• Compare all their candidates by looking at the generated score for each of them. 

2.5.2 CV generate option as a premium service 

By using ProbExpert portfolio system, developers can maintain their online portfolio 

as they want. To attract more users into the system and for the platform's popularity, 

this service will be offered to developers as a completely free service. However, 

downloading their online portfolio as PDF can be provided to the users as a premium 

option by considering users' feedback. 

2.5.3 Section for display Open job Opportunities 

In ProbExpert, we could provide a separate space for organizations to post their job 

opportunities. This implementation also has a positive effect on getting more 
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developers to the system and turning them into daily users. This service could provide 

to the organizations as a pay-as-you-go service.  

2.5.4 Display Sponsored Advertisements 

Since this platform has a specific set of users, Organizations that want to promote their 

new technologies and services can post their advertisements on this platform. Since 

advertising has a negative effect on the platform's reputation, this is not a finalized 

strategy yet. 

 

Figure 2.22: ProbExpert Marketing Strategy 
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3 TESTING & IMPLEMENTATION 

This section describes how the system was implemented and tested under several 

testing techniques to minimize the issues.  

3.1 Testing 

For any application, testing plays a significant role in the success of the application. 

Quality testing procedures can reduce the number of bugs in the application and 

identifying them before the release is essential and cost-effective. 

 

Figure 3.1:Jest code coverage results 
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Therefore, we introduced the Jest testing framework to our repositories to maintain the 

error-free codebase. Also using Jest, we can collect all the code coverage information 

of the entire project. Figure 3.1 shows the tested test cases and the code coverage 

information of the Git-Data-Miner repository.  

Also, Postman API testing tool has been used to test all the API endpoints, and its 

collections feature was used to manage all the endpoints in one place. Figure 3.2 shows 

testing backend API request via the Postman application. 

 

Figure 3.2: Testing API endpoints via Postman 
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3.2 Implementation 

 

3.2.1 Portfolio Front-end 

 

ProbExpert portfolio front end was developed using Next.js on top of React.js. 

Material-Ui component library has been used to develop the frontend components and 

stylings. The main reason to select Next.js to implement the frontend is that it provides 

server-side rendering (SSR) feature out of the box[27]. This technology has been used 

to render all the generated portfolio on the server side. This means that once the HTML 

has been delivered to the client (the user’s browser), nothing else needs to happen for 

the user to be able to read the content on the page. This makes page loading times 

appear much faster to the user. SSR also make it easier to make the pages indexable 

and crawlable. Therefore, the web crawler can easily access all the pages for indexing 

and ranking them on major search engines like Google, Bing, etc. The below figure 

shows the user interface of an actual portfolio in our application. 

 

3.2.2 Portfolio Back-end 

 

The portfolio backend was developed as a RESTful API service to easily communicate 

with the ProbExpert frontend. Express.js library was used on top of Node.js to build 

the backend. Since Express.js provides a highly advanced routing mechanism, It helps 

to reduce the development time massively. Also, its built-in debugging mechanism 

helps pinpoint the exact part of the code that contains the bugs.  

Since the portfolio user model consists of many data and most of them are not available 

for all the users, a database with a strict schema is harder to maintain. Therefore, the 

MongoDB Atlas database has been used as the central database of the portfolio system.  
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Figure 3.3: Sample user document on MongoDB 

 

3.2.3 Web Scrappers 

Two separate scrappers have been developed to scrape user information from 

StackOverflow and LinkedIn.  Beautiful Soup 4 python library was used as the main 

technology to them. Since LinkedIn block unauthorized visitors from viewing user 

profiles, Selenium was used to automate the Login process in LinkedIn. Since the 

portfolio backend has been built on the Node server, the Node.js child process feature 

was used to run the python scripts. 
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3.2.4 GitHub OAuth2 flow 

To validate whether the users generate their portfolio using their own GitHub accounts, 

OAuth2 verification has been applied to the portfolio generation flow.  Below Error! 

Reference source not found. illustrate the message flow between ProbExpert and the 

GitHub OAuth2 server. 

 

Figure 3.4: OAuth implementation 

 

3.2.5 CV generation 

 

Puppeteer opensource javascript library was used for PDF generation purposes. 

However, puppeteer allows generating PDF documents both on the client-side and 
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server-side. To keep the frontend simplified and these kinds of tasks easier to handle 

from the Node.js, puppeteer implementation was done from the server-side.  

3.2.6 Deployment 

 

Since the portfolio frontend was developed using Next.js, it has been deployed on their 

native Vercel’s cloud platform. Vercel is a deployment and collaboration platform for 

deploy client-side applications and web services. These servers scale automatically 

according to the traffic, and they have an inbuilt caching system for all the applications. 

Therefore, Vercel is the optimal solution to host the frontend of the ProbExpert 

platform. 

 

Figure 3.5: Frontend deployment on Vercel 

 

the Git-Data-Miner tool that is used to communicate with GitHub GraphQl API has 

also been deployed on Vercel. Since all the methods of Git-Data-Miner were made as 

serverless functions, Vercel’s serverless service has been used for the deployment.  
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ProbExpert’s backend has been deployed on Heroku using a free dyno. Since 

ProbExpet’s Node.js server consisted of python scripts and Selenium, three external 

build packs: python, chrome-driver, and chrome-browser build pack, have been added 

to the dyno. 

 

Figure 3.6: Backend deployment on Heroku 
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4 RESULTS & DISCUSSION 

This section discusses the results and findings of the ProbExpert developer ranking 

algorithm and automated Portfolio generation implementation. 

 

4.1 Results 

Using the Git-Data-Miner, a balanced dataset contains 50 GitHub user profiles based 

on the stratified sampling have been selected and extracted. Since the main purpose is 

to find out which user activities has the effect of determining the proficiency of a 

developer, we gathered 18 sets of features as discussed in the 2.2.2. Then after 

performed the feature analysis, we found that only 8 features have a valid effect for 

evaluating developer proficiency. 

By using the extracted features above discussed, the GitHub scoring model has been 

developed tested and implemented into the ProbExpert main platform. Figure 2.16, 

Figure 2.17, and Figure 2.18 illustrate the validity of the developed ranking algorithm 

by evaluating 3 different level users by classifying them correctly according to their 

proficiency. Since this scoring model uses the bell curve to classify users, extreme 

developers such as Linus Torvalds also will get selected into the ‘Guru’ class, 

regardless of their higher TDS value. Since the machine learning algorithm has some 

higher false results when predicting the edge cases, this approach is solid and 

consistent for directly implementing into the platform like ProbExperts. Also, this 

scoring model calculates the TDS value for each developer; it can be used to rank them 

on leaderboards without any confusion. Figure 2.21 shows how we use the TDS value 

to do the ranking on ProbExperts. 

Below is the other list of results our portfolio system provide to the software developer 

community.  
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Expert Identification: Since all the developers are listed on the leaderboard according 

to their rankings, hiring managers and potential buyers can find the unemployed or 

free-lancing developers in no time by filtering the leaderboard by using the available 

to hire tag. 

CV Shortlisting: Recruiters can utilize ProbExpert's portfolio generating section to 

quickly generate and determine developers' scores and activities. This will save a 

recruiter a significant amount of time, which they would otherwise spend manually 

going through a developer's social networks such as LinkedIn, GitHub, and Stack 

Overflow while evaluating a candidate. 

As guidance for newbies: Since developer portfolios include significant developer 

activities, viewing an expert's portfolio will give novices a solid idea of how they 

should shape their path accordingly to pursue their dream profession or career goals  

 

4.2 Research Findings 

 

As discussed in the above section 4.1, after the data analysis, we found out that only 

eight features directly affect when determining a developer proficiency. Below is the 

list of the selected features after the analysis.  

• Profile age 

• Total Commit Contribution 

• Number of repositories contributed to (Based on Stargazer count) 

• Total Pull Request count 

• Total Issues count 

• Total Followers 

• Total Stargazers 

• Total approved comments as answered 
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It is not surprising to find out that the total number of the used programming language 

doesn’t have a effect on evaluating a developer because GitHub Limited the number 

of years can go deep into individual commits in detail. The reason behind this issue 

was discussed thoroughly in the section. 

Another fascinating fact we found out from this thesis is that GitHub-Star developers 

have a great impact on the community regarding knowledge sharing. According to the 

empirical cumulative distribution function of Figure 2.10, Only 10% of GitHub-Star 

developers has surpassed all other classes when answering the discussions on GitHub.  

Also, the ‘availability to work’ feature doesn’t have a possible effect when determining 

proficiency. Beginner users might not be aware of how to turn this option in Github 

can be the reason behind this issue, as discussed in the section 2.2.3.  

 

4.3 Discussion 

 

Since StackOverflow and LinkedIn do not provide a public API to collect the 

developer activities and behaviours unlike GitHub, two web scrappers has been 

developed. However LinkedIn has a strict set of rules for viewing users profiles as a 

unregistered user. Therefore Selenium has been used to automate the login process to 

collect user information as a registered user. However, this implementation also has 

some flaws due to the IP restriction rules of LinkedIn. It only allows viewing a limited 

number of user profiles from one IP address at a time. Therefore to make this Linked 

in web scrapper work in the production mode, It needed to be hosted on a Linux 

instance with dynamic DNS configured. Amazon EC2 machine will be a perfect 

solution for this deployment. Since the portfolio and scoring algorithm are mainly 

based on GitHub Graphql API, LinkedIn web scrapper could be dropped from the 

future release of ProbExpert to improve the system stability. 
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4.4 Summary of the Student Contribution 

 

Table 4.1: Summary of student contribution 

Personal  Functionality  Description  

Thennakoon T.M.K.H.B  Detecting users’ 

proficiency level along 

with an auto-generated 

portfolio 

 

Serverless RESTful API 

to retrieve data from 

Github Graphql service. 

Web Scrappers to gather 

necessary developer’s 

statistics 

Scoring model to 

generate a score for 

developers activities and 

behaviours 

Ranking algorithm to 

classify developers into 

suitable classes 

Implement Automated 

portfolio generation 

functionality 
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7 CONCLUSION 

 

In this research, we have presented our approach for extracting developers’ features, 

ranking them using the scorer model, and classifying them into related classes based 

on the Bell curve. As discussed in the methodology, the tool we developed to 

communicate with the GitHub Graphql API can be used to collect data for any future 

research conducted on the GitHub platform. Since this portfolio system developed as 

a micro service, it can be implemented into any existing platform without needing 

much changes. 
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