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Abstract

This thesis explores the relationship between the Big Five personality traits (BPT) and
programming language preferences. We randomly collect data of a total of N=820 Twitter
(currently X) and Stack overflow (SO) users. By analyzing the social media activity and
Stack Overflow profiles of users, we aim to predict their preferred programming languages
based on their BPT. We cross-link the data between Twitter and SO profiles. Then, we
collect user features (i.e., users’ BPT, word embedding of tweets, etc.) from Twitter and
programming preferences (i.e., programming tags, reputation, question, answer, etc.) from
SO. Then, we apply various machine learning (ML) and deep learning (DL) techniques
to predict users’ programming language preferences from their BPT. We also investigate
a few interesting insights about Twitter and SO platforms and how reputation, question
asking/replying associated with user’s BPT. The results indicate a significant predictive
capability, achieving an accuracy rate of 78%. This demonstrates that personality traits,
as captured by the BPT, can be a strong indicator of programming language preference.
The findings suggest potential applications in personalized learning environments, career
guidance, and team composition in software development projects. This research con-
tributes to the growing body of knowledge at the intersection of psychology and computer
science, highlighting the impact of personality on technical choices. Future work could ex-
pand on these findings by exploring additional personality frameworks and incorporating

larger and more diverse datasets.
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Chapter 1

Introduction

1.1 Overview of the Study

In this study, we employ a novel strategy by computing users’ Bigh personality traits
from tweets and users’ programming preferences from Stack Overflow. Then, we build a
novel classification model to predict users’ programming language preferences from their
Bigh traits derived from tweets. Though we can predict users’ personalities from Stack
Overflow itself, the questions and answers largely reflect the programming context. On
the other hand, users frequently express their thoughts, ideas, and intimate information
on social media [2, 3]. Thus, identifying Bigh personality traits on social media is likely
to produce accurate results. To the best of our knowledge, this study presents the first
approach that exploits the fusion of two sites, i.e., Twitter and Stack Overflow, to predict
users’ programming language preferences. By using our approach, we can predict a user’s
programming language preferences from their tweets only, though they do not have any
Stack Overflow profile.

Programming languages are media that help developers to translate ideas into per-
forming a specific task. These languages can be tagged by using different topics such as
C, C++,PHP, Java script, Java, Python, C#, .net, Ruby, and Android. Different pro-
gramming languages may serve similar purposes, but performance of these languages may
vary in terms of safety, convenience, and response towards the developers. Some develop-
ers like flexibility of Ruby, while others prefer Java for its strictness. Scripting languages
such as HTML/CSS are easy to learn and require less effort to make a program. Besides,
weakly typed languages such as JavaScript are more portable than other languages. Some
like event driven languages like Java/Swing to create complex programs by using quick
methods.

The users who contribute to the Stack Overflow (SO) usually recognized by their
reputation score [4]. To gain a high reputation score, users generally put in continuous
effort and should have high technical expertise. We analyze how users’ reputations are
linked to their Bigh personality traits and their questions and answers. Then, we compute

users’ Bigh personality scores by using IBM Watson personality insights API. We also
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reasonably narrow down the programming tags into four class labels (i.e., oop, web-pro,

database, mobile) that are popular according to Stack Overflow statistics.

1.2 Motivation

Software development has become a crucial component of many sectors in the current
digital era, spurring innovation and technical improvement [5]. Developers are faced with
a multitude of choices when choosing the best tool for their projects due to the con-
stantly growing variety of programming languages. To optimize software development
workflows, improve team cooperation, and produce software that meets high standards,
it is imperative to comprehend the factors that impact programming language prefer-
ences. Personality qualities have long been acknowledged as important determinants of
how people behave and make decisions. The Big Five personality traits offer an accurate
framework for describing the unique characteristics of human personalities [6]. Barric et
al.[7] investigated the possible correlations between personality traits and various aspects
of people’s professional lives, such as career choices, job performance, and attitudes to-
ward work. Manuel and Helmut [8] explored the complexities of software professionals’
personalities and offered insightful advice on how to best manage team dynamics and task
distribution for better software engineering results.

In the field of software engineering (SE), developers show interest in learning different
programming languages. Studies [9, 10, 11, 12] show that developers’ Big5 personality
traits have strong influence on their programming skill, style, and performance. In this
research, we are the first to predict developers’ programming language preferences from
their Bigd personality traits derived from their social media usage, i.e., tweets.

Karimi et al. [9] find a strong relationship between users’ Big traits and their pro-
gramming styles, programming partners, and methods of problem solving. Gnambs [§]
finds association between personality traits and programming aptitude (i.e., generation
of new algorithm, architecture, and unconventional thinking). Enumerate the objectives
in clear and specific terms. Bazelli et al. [11] analyze users’ questions and answers from
Stack Overflow to find association between their personality traits and frequently tagged
programming topics. In the literature, we find no study that discovers direct connection
between Bigd personality traits and programming language preferences.

Through the results of this research, we hope to close the knowledge gap between
software engineering and personality psychology, promote multidisciplinary cooperation,
and deepen our understanding of how programming language selection affects human-

computer interaction [13].

1.3 Objectives

Through a combination of predictive modeling and empirical analysis, this effort aims to

create a framework for forecasting programming language preferences according to individ-
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ual personality factors. It is possible to improve developer happiness, team relationships,
and software development processes all around with such a framework. In summary, we

have the following contributions:

o We first cross-link between Twitter and Stack Overflow social networking sites to

predict users’ programming language preferences from tweets.

e We have also first found a correlation between psychological traits and developers’

programming language preferences.

e We build prediction models for the programming language preference of developers’

based on their Bigh personality traits.

e We found associations between users’ psychological traits and their community be-

havior, such as questioning, answering, and reputation.

1.4 Section Organization

In this section, an overview of our workflow is given. Section 2 describes the background
and related work. Section 3 is all about the data collection for our work. Section 4 is about
methodology. Section 5 contains findings and analyses. Section 6 contains implications

and discussion. Section 7 presents the concluding remarks.



Chapter 2

Background and Related Works

2.1 Preliminaries

In this chapter, we first describe the preliminary steps that are relevant to our study. Then

we also present related works to understand the modern works in this study.

2.1.1 Bigb Personality

Bigh personality or bigh factors make personality of a person. It is defined by different
groups of psychologist. Researchers on personality traits have agreed with the trait theory
and recommended the five-factor model as the most accurate way to evaluate personality
[1, 14, 15, 16]. The Bigh personality traits—also known as openness to experience, consci-
entiousness, extraversion, agreeableness, and neuroticism—are used to define personality
in terms of the model [17]. Bigh Personality was defined by researchers as follows:
Openness: Out of the five personality traits, openness (also known as openness to
experience) stresses creativity and insight the most [18]. High-openness personality traits
frequently have a diverse range of interests. Openness encompasses a variety of interest
and information-seeking behaviors, as well as intellectual curiosity, inventiveness, and
originality [19]. They have a natural curiosity for the outside world and other people, and
they enjoy learning new things and having new experiences. Additionally, those who score
highly on these personality traits often exhibit greater creativity and adventure.
Conscientiousness: Conscientiousness is a personality trait characterized by high
levels of thinking, effective impulse control, and goal-directed behaviors [18]. Park et al [20]
discussed that individuals with high conscientiousness are typically responsible, cautious,
patient, well-organized, focused, meticulous, and achievement-oriented. Conscientious
people are organized, considerate of others’ feelings, and deadline-conscious.
Extraversion: Excitability, friendliness, talkativeness, assertiveness, and a high level
of emotional expressiveness are characteristics of extraversion as a personality trait[18].
Karlsen et al. [21] discussed that extraversion is the personality attribute that has been
linked to a variety of leadership qualities the most frequently. As a personality trait,

extraversion is characterized by extroversion, friendliness, talkativeness, assertiveness, and
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Figure 2.1: Bigb personality traits proposed by Goldberg et al. [1]

a high level of emotional expressiveness.

Ageeableness: Trustworthiness, benevolence, friendliness, affection, and other proso-
cial traits are included in the agreeableness personality feature [18]. Individuals with high
levels of agreeableness are more likely to be cooperative, whereas those with low levels of
this personality trait are more likely to be aggressive and occasionally even manipulative.

Neuroticism: Sadness, irritability, and emotional instability are characteristics of
neuroticism, a personality trait [18]. High neurotic people frequently experience mood
swings, anxiety, impatience, and melancholy. People who score lower on this personality
trait tend to be more emotionally stable and resilient.

These characteristics are thought to be stable, constant, and primarily inherited in

origin [15].

2.1.2 Twitter and Stack Overflow

Twitter and Stack Overflow are the most important platforms for our research.
Twitter: Twitter is a social networking site where users can send brief messages, or

” N

"tweets,” and engage in conversation with others by ”liking,” ”retweeting,” and "replying”
to their tweets. With millions of active users exchanging news, opinions, and personal
updates in real-time.

Twitter, which was first introduced in 2006, has grown to become one of the biggest
and most prominent social media platforms in the world. Businesses, organizations, and
public personalities also use Twitter to communicate with their audience, share news and
information, and take part in online discussions in addition to individual users.

Stack Overflow ': Software engineers can ask questions and receive answers on Stack
Overflow. It was introduced in 2008 and has since grown to be one of the biggest online
communities for developers and programmers to learn, share their expertise, and solve

programming-related issues.

"https://stackoverflow.com/
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Users can ask questions about coding issues or particular technologies, and other com-
munity members, many of whom are skilled engineers, can respond with advice. Users
can vote on the best responses, leave comments, and get reputation points in addition to
answering questions.

The feature-rich platform Stack Overflow offers a variety of tools and information for

software engineers. Its essential characteristics including the following:

o Question and Answer section: The main feature of Stack Overflow is its Question
and Answer section (Q&A), which enables users to post queries about coding issues

or particular technologies and receive responses from other users in the community.

e Reputation system: Stack Overflow offers a reputation system that compensates
members for their community contributions, such as publishing high-quality ques-

tions and answers, commenting on postings, and voting on answers.

o Tuag system: Stack Overflow uses tags to organize questions and make it simpler for
users to discover pertinent information. Users can browse popular tags to find new

questions to answer, or they can search for questions using certain tags.

e Voting system: Stack Overflow offers a voting system that enables users to upvote
the most helpful and correct responses, making it simpler for other users to access

that information.

e Commenting: Users may leave feedback on questions and answers to add context,

pose further queries, or offer clarification.

e Badges: Stack Overflow provides a range of badges to recognize users for their
contributions, including responding to questions, leaving comments on articles, and

hitting specific reputation score milestones.

o Syntax highlighting: Multiple programming languages are supported by Stack Over-
flow’s syntax highlighting feature, which makes it simpler for users to read and

comprehend code snippets in responses.

e Notification system: Stack Overflow features a notification system that notifies users
when new responses to or comments on their questions are posted, or when those

users are mentioned in another post.

e Mobile app: The Stack Overflow platform is accessible via a mobile app that enables

users to engage with the community from their smartphones or tablets.

These characteristics make Stack Overflow a crucial tool for anyone trying to learn
more about programming or solve specific coding issues, in addition to the platform’s

sizable and vibrant developer community.
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2.2 Literature Review

In recent years, questions and answer (Q&A) websites have gained popularity for their ac-
cessibility, diversity and high quality content. They hold a vast audience from researchers
to general users. Quora which is one of the biggest Q& A websites, introduced broad tar-
geting that helped them reach 300 million unique users on a monthly basis. On the other
hand, Stack Overflow is another acclaimed Q& A website in the developer community. Al-
most 6,300 questions are being asked per day. Until now, they have 11 million users, with
an active interaction of millions of users on a daily basis. Since Stack Overflow posts are
written in natural language, comprehensibility metrics and textual context analysis tools
can potentially provide us with valuable information on what makes a posting perceived
as trustworthy by the community.

Dehnadi [22] conducts an experiment on novice programming language students to
solve a basic programming problem. The main target of the experiment is to observe the
mental model of the novice students on a given programming problem. The experiment
is being observed in two iterations, as before and after learning about the topic. From
the experiment, the author detects three groups of students. In the first experiment, 44%
of students consistently used the same model for all the questions, 39 percent students
inconsistently used different models for different questions and 8 percent students did
not answer. In the second experiment, almost everyone used the same model for all the
questions. This test works as a reasonable predictor for the students who are likely to
have easier success in introductory programming.

Gnambs [12] discusses about different personality traits and their correlation with pro-
gramming aptitude. The study performs a meta-analysis on 1,695 participants. Among
the personality traits, general mental ability (p = .29, z = 4.71, p<0.001) and openness
(z = 7.60) are the most important for creating successful programs. Programmers with
conscientiousness (z = 2.11) are less prone to make errors while programming. Moreover,
extraversion (z = 2.75) also acts as another contributor for successful programming execu-
tion. Though agreeableness (z = .18) and neuroticism (z = -1.21) could not be associated
with programming aptitude. The study concludes that, only three of the five personality
traits - conscientiousness, openness and introversion (opposite to extroversion) directly
impact one’s programming aptitude. The other two traits, agreeableness and neuroticism
are not correlated with one’s programming aptitude.

Golbeck et al. [23] determine users’ personalities from their tweets using Bigh personal-
ity traits. Twitter is one of the most widely used social media sites where people regularly
share their thoughts and feelings. The authors made a Twitter app with 45 questions from
Bigh personalities to observe their initial personality traits and later recruited 50 users for
the final test. Afterward, the tweets are analyzed with a psycholinguistic text analyzer
called Linguistic Inquiry and Word Count (LIWC). Gaussian Process and ZoreR regres-
sion analysis are being performed to predict the personality scores of the users. In another

study, Quercia et al. [24] categorized Twitter users based on the Bigh personality traits
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by analyzing their social media data. The users are divided into listeners (follow many
users), popular (followed by many users) and highly-read (often listed in others reading
lists) categories based on their number of followers and following, listed counts and two
different influential scores. Their study shows that, listeners and popular users generally
have high extraversion and low neuroticism scores. Whereas, highly-read users tend to
obtain a high openness score. Moreover, influential users are more organized about their
life; thus, they place a high value on conscientiousness.

Michele et al. [25] discovered that automatic personality features can be utilized to
forecast everyday behavior, such as reading preferences and purchasing tendencies. This
is just one example of how this strategy can be used successfully. This technology has the
potential to impact everyone around the globe with further development. In another study
[26], the Environmental Concern Scale, used to gauge participants’ attitudes and concerns
about the environment, the General Ecological Behavior Scale, and the Self-Reported Pro
Environmental Behavior Scale, used to gauge participants’ pro-environmental activities,
were all completed by 100 people from an online participant pool, according to the in-
formation we had. On the other hand, Kim et al. [27] they studied what motivates
people to undertake such self-presentation through visual images, specifically through
self-photographic photos, and how demographic characteristics, personality traits, and
psychological needs could predict these particular forms of behaviors. Social media plat-
forms provide an ideal arena for selective and positive self-presentation. As stated by
Bargh and McKenna [28], “The impact of the Internet on interpersonal connections, such
as those with friends and family, has been the subject of some of the most disputed re-
search on the social consequences of the Internet.” This begs the question of what types of
people rely on these online social media platforms for their relationships with others[29].
Nowadays, social networks are typically used to facilitate the development of new offline
relationships or to sustain existing ones. Joining social media networks on the Internet
helps millions of individuals around the world connect with one another. In contrast,
Amichai-Hamburger and Vinitzky [30] in their analysis of the profiles of Facebook users,
concluded that Facebook use is associated with psychological traits. Amichai et al. [31]
measured the effects of time constraints, the interactivity of online media, demographic
profile, and cognitive demands (such as personality) on Internet use. They discovered that
there is a complex association between cognitive needs and Internet use that takes into
account things like career profile and accessibility to Internet links. According to a study
conducted by Nihan et al. [32], the majority of young people (9 out of 10) participate in
social media forums and spend 4 to 6 hours a day (or 50% of their free time) on social
networking sites.

Salleh et al [33] find the impact of personalities and qualities, specifically openness,
conscientiousness, and neuroticism, on the effectiveness of pair programming (PP). Their
findings shed important light on the broader implications of understanding preferences in
programming language choices by revealing how individual differences impact academic

success. Darcy et al. [34] conduct a study that explores the complex interaction between
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individual variations, such as personality and programming expertise, and programmer
performance. Age and ability show up as important variables, but personality and domain-
specific elements do not seem to have much of an impact. Amin et al. [35] investigate the
BPT and knowledge-gathering behaviors that have an effect on programmer’s creativity.
This study shows that while neuroticism has a negative effect on creativity intention, open-

ness to experience, extraversion, and conscientiousness traits have a positive association.

Authors ?;izr;ilmmg Twitter & | Bigh vs. | Big5 vs.
SO fusion | Repu. Q/A
preference
Hannay et al. X X X X
Salleh et al. X X X X
Rahman et al. X X X X
Amin et al. X X X v
Bazelli et al. X X X v
Papoutsoglou et al. X X X v
Our proposed v v v v

Table 2.1: Comparative analysis between our proposed and related frameworks.

Prior studies [12] investigates aspects of programming like aptitude, creativity, effec-

tiveness, etc.

2.3 Gap Analysis

In light of the above discussion, our study differs from previous studies in the following

aspects:

e No study investigates programming language preferences based on their Bigh per-

sonality traits derived from social media usage.

e Our study first makes a fusion between Twitter and Stack Overflow sites to cross

link multiple platforms.

e Question-answering systems have become integral to information retrieval and community-
driven knowledge sharing. While these systems have been extensively studied, the
precise nature of the connection between user questions and the answers provided
remains under explored. This gap analysis aims to illuminate this crucial aspect and

assess its implications.

e Besides Bigh personalities, we use BERT embeddings to elevate the accuracy of
tweet analysis. This advancement marks a significant step forward in improving the
quality of insights extracted from social media content and offers a promising avenue

for further research and development.
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Dataset

3.1 Data Collection

Data collection is the most challenging part of our study. First, we collect users randomly
from Stack Overflow by searching the questions with the most popular tags from the
users’ IDs. We also search for these users on Twitter under the same user name as Stack
Overflow. We find 962 users who have the same user names on both Twitter and SO.
We confirmed it by observing users’ profile photos, common shared websites, professional
affiliations, and locations. We also notice that 55 users are not active on Twitter, and
the tags of 87 users do not match our class labels. Thus, we discard the data of these
users due to the lack of adequate information for predicting BPT. Our final sample size
reaches a total of 820 (= 962 - 55 (inactive users) + 87 (irregular tags)). Then, we extract
their programming preferences by using the Python Stack Exchange API implementation
package 1. Next, we also collect users’ tweets by using the Python tweepy implementation
package. Then, we compute users’ Bigh personality scores by using IBM Personality
Insight API Arnoux et al. [36] show that IBM Personality Insight API outperforms
the state-of-the-art techniques for personality computation. The underlying model of the
API integrates word embedding features with Gaussian process regression. The API also
requires eight times less data than the previous approaches. After computing users’ Bigh
personality scores, we store these data as independent variables and users’ Stack Ouverflow
3 best tags as dependent variables.

We observe that different users use different tags for the same language. For example,
c++11, c++14 and c++17 tags are used for c++. We remove these tags and replace them
with the main programming language, i.e., C++. When related programming languages
are combined, the dataset shows interesting patterns that give a thorough picture of
developer preferences in the software development environment. The carefully gathered
data from the Stack Overflow Developer reveals trends that provide insightful information
about the dynamic process of language adoption. A distinct hierarchy becomes evident

when we combine programming languages that are comparable and look at the resulting

Thttps://api.stackexchange.com/docs

10
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No. of users 820

Total number of tweets 1,494,072
Average number of tweets 1,835
Maximum number of tweets of a user 3,247
Minimum number of tweets of a user 9

Total number of words in tweets 21,962,414
Average number of words in tweets 26,981
Maximum number of words in a tweet of a user | 42,123
Minimum number of words in a tweet of a user | 68

Table 3.1: Statistic of our Dataset

dataset. JavaScript is the most notable language, ranking first out of all the combined
languages. From figure 3.1, the matching bar, which is much taller than the others, shows
how widely used JavaScript is in online applications. This conclusion is consistent with

the language’s ongoing dominance among developers.
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Figure 3.1: Most frequent languages

Positioned as the second most used language, C# is quite prevalent. The upward
trend of C#’s bar indicates its continued relevance in ecosystems that are centered around
Microsoft. This result is consistent with the language’s well-established use in Microsoft
technology application development. Java continues to have a prominent position, demon-
strating its continued use in a variety of applications. Java’s stability and adaptability
are demonstrated by the height of the corresponding bar in the chart, particularly in
enterprise-level applications. Python highlights its broad popularity and expanding influ-
ence across multiple domains, with a rising trend in its bar. This rise is in perfect harmony
with Python’s readability, adaptability, and wide range of applications.

A more complex comprehension of programming language preferences is made possible

11
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by the bar chart’s visual portrayal. For those involved in the software development com-
munity, the rise of Python, the stability of Java, the growth of C#, and the importance

of JavaScript all contribute to a picture of changing developer preferences.

Class label Related Tags Instances
oop .net, ¢, {#, asp.get, vb.net, java, python, 900
swing, c+-+
web-pro php, rul.ay7 perl, .jquery, ja\./ascFipt, no.de.js7 670

angularjs, reactjs, typescript, json, django
mobile kotlin, objective-c, swift, android, ios 222
database sql, sql-server, mysql, oralce, postgreSQL 116

Table 3.2: Class Labels.

We only select the first three tags that developers usually assign to their profiles. We
see that many developers provide only one tag; therefore, we do not find three different
tags for many users. Some programming languages are similar in terms of structure.
Therefore, we categorize the languages with similar structure, syntax and capability by
a broader class label. For example, .net has relevance with C#, f#, asp.net, vb.net and
xml. These languages use Microsoft backed object-oriented platform; we also label these
languages as oop along with other object-oriented languages. We also categorize several
tags such as php, ruby, perl, jquery, javascript, node.js, angularjs, reactjs and typescript,
html, css, json and django as web-pro categories. We reasonably make broader categories
of four different class labels: oop, web-pro, database, mobile from the most popular tags.
Table 3.2 shows that we have a total 1,908 tags for a total of 820 users. We find that oop
has the highest number of tags (900), while the database has the lowest number of tags
(116).

3.2 Balancing Dataset

Table 3.2 shows the data distribution of different classes in our dataset. However, the table
shows that our dataset has a class imbalance problem [37]. Our class distribution of oop,
web-pro, mobile and database has a total of 900, 670, 222 and 116 instances, respectively.
We observe that the oop class has a total of 900 instances, whereas the database has only
12% of instances in comparison to the total size. Studies [38, 39] discuss that the majority
classifier would achieve an incredible 99.99% accuracy in a dataset with an imbalance
ratio of 9999:1 and this high accuracy is misleading because all the classifier is doing is
speculating on the majority class in each case. Buda et al. [40] found that class imbalance
significantly weakens the classification performance. This constraint emphasizes that when
the class distribution is skewed, it is difficult to classify instances. Studies [41, 42] show that
oversampling is the most common technique for reducing class imbalance problems. Bader-
El-Den et al. [43] use oversampling minority class representations inside the ensemble to

effectively tackle the class imbalance problem.
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We address the class imbalance problem by using the Synthetic Minority Oversampling
Technique (SMOTE) [44]. By using SMOTE, we create artificial instances for minority
classes in order to balance the distribution of classes in the dataset. Please note that
SMOTE is an oversampling approach [45], that compensates for the imbalance problem
without adding prejudice in favor of the dominant class by producing synthetic samples.

We use the python imbalance-learn implementation package to balance our dataset.
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Figure 3.2: Class label distribution before using SMOTE.
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Figure 3.3: Class label distribution before using SMOTE.

Figures 3.2 and 3.3 show two bar charts showing the visual representation of the
class labels before and after applying SMOTE technique. These visuals demonstrate how
the dataset went from being unbalanced to being balanced, highlighting the usefulness of

SMOTE in improving the dataset’s suitability for reliable machine learning model training.
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Class label | Before SMOTE | After SMOTE (% of oversampling)
00p 900 0%

web-pro 670 134.33%

database 116 775.87%

mobile 222 405.40%

Table 3.3: Data distribution before and after oversampling.

Table 3.3 gives a summary of the distribution of the data both before and after the
Synthetic Minority Over-sampling Technique (SMOTE) oversampling. A more balanced
distribution of instances among the various classes was achieved by applying the SMOTE,

and this can enhance the performance of machine learning models.
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Chapter 4

Methodology

This chapter describes different steps of our methodology. Then, we describe how we build
our model. We also describe the explainability of our models. Finally, we measure the

performance of our models.

4.1 Environment Setup

Bhavitha et. al.[46] described the fundamental usage of machine learning. We have used
the Scikit Learn machine learning Python implementation package to use different classi-
fication models. We use the following things for classification models and deep learning-
based classifiers:

Dataset: The dataset is the essential part of our research. We collect data from
Twitter and Stack Overflow.

Csv file: All the data we use in our research is based on the file extension of CSV
(Comma Seperated Values).

Platform and Programming language: Google Colab or Colaboratory is our plat-
form where we run our codes. Python is popular for machine learning. So, we use Python

for our programming language.

4.2 Methodology
To predict developers’ programming preferences, we perform the following steps:

e (ross linking between sites: We manually cross-link between user profile of Stack
Overflow and Twitter. Then, we collect developers’ programming tags and tweets

from both Stack Overflow and Twitter, respectively.

o Computing Bigs Personality: We compute Bigh personality traits by using IBM
Personality Insight API.

e BERT embedding: We use BERT embeddings extracted from tweets of the users.
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Structure of methodology: We select Bigh traits as independent variables and pro-
gramming tags as dependent variables. Then, we apply multiclass classification to predict

users’ programming preferences from Bigh traits.

N
7

IBM personality insight

Twitter user APT
B

ig5 Scores

Cross link » Applying classifiers
user profile BERT representation » Applying
& Programming tags,
Stack Overflow Stack API Reputation and Answers

users

Figure 4.1: Methodology of programming language preferences from Bigh traits

4.2.1 Feature Selection

To predict programming language preference from BPT, we first select important features
for applying conventional machine learning (ML) techniques. In addition to this, we
compute BERT features from users’ tweets for applying deep learning based models to

predict programming preferences from BPT.

Features from Bigh traits

We find out relevant BPT that might affect a user’s programming language preferences.
Towards this, we compute a multi-level discriminant analysis [47] by using SPSS where
BPT are predictors and users’ programming language preferences are dependent vari-
ables. BPT computed from IBM Personality Insight API are opennes, conscientiousness,

extraversion, agreeableness and neuroticism

oop web-pro | database | mobile
Openness | 53.673 | 33.982 30.890 61.319
Conscien. | 42.149 | 21.799 21.272 28.255

Extra. -0.037 | 18.370 6.737 -1.907
Agree. 0.674 | 0.784 0.329 0.410
Neuro. 0.069 | 0.292 0.591 0.521

Table 4.1: Fisher’s LDA function coefficient between users’ Bigh traits and their program-
ming preferences

For selecting important personality traits, we use Fisher’s linear discriminant analysis
(LDA) [48] Discriminant analysis finds correlation between independent variables and
dependent variables having more than two class labels Fisher’s LDA function scores are

proportional to the coefficients of multiple linear regression with dependent variables, i.e.,
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programming language preferences. Consequently, larger (> 1.0) score predictors are more
accurate predictors [49].

The best selected features are openness, conscientiousness, extraversion.

Features from BERT

The use of BERT embeddings obtained from user tweets offers a special chance to improve
social media data analysis. But to maximize model performance, interpretability, and
computing efficiency, good feature selection is essential. We can use Word2Vec, but there
are some reasons why we use BERT.

Why we use BERT embedding: We use BERT (Bidirectional Encoder Representations
from Transformers) [76] based feature extraction over our tweets. BERT captures word
meanings in context and understands word semantics based on the surrounding words.
BERT also handles polysemy (multiple meanings of words) and captures nuances in lan-
guage better. BERT models exist for multiple languages, making it a valuable choice for
multilingual applications. The use of BERT embedding obtained from user tweets offers
a special chance to improve social media data analysis.

Our approach to feature selection of BERT embbeding: Our initial approach involved
using the entire embedding layer as features, considering the holistic representation pro-
vided by BERT. This approach offers the advantage of exploiting all the captured nuances
in the text.

4.2.2 Building Models

In this section, we build a classification model to predict programming language prefer-
ences. We randomly split the dataset by 20% and 80% for learning weights and training
the model respectively. We outline the methodology and steps undertaken to construct
a predictive model that utilizes Bigh personality scores extracted from users’ tweets and
their reputations, with the objective of predicting programming tags. The tags have been
categorized into different classes, such as “oop”, “web-pro”, “database”, “mobile” and
serve as the class labels for our classification task.

Algorithm selection: Due to the categorical nature of our target variables (class
labels) and the need to handle multiple labels for each observation, we considered several

classification algorithms for our modeling approach.

Building machine learning models

The following ML algorithms were evaluated:

e Support Vector Machines (SVMs): SVMs are versatile and effective for binary
and multi-class classification tasks [50]. In our case, we leveraged SVM to address
the task of multi-class classification, where each observation can belong to multiple

classes simultaneously. We consider SVM due to its flexibility and effectiveness in
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handling multi-class classification problems. The SVM model was trained on our
dataset, which included feature vectors derived from BPT scores [51], with each

observation associated with one or more programming tags as labels.

e Random Forest (RF): RF is a powerful ensemble learning technique that has
gained widespread popularity in the field of ML due to its ability to deliver robust,
accurate, and versatile predictions [52]. Its versatility and outstanding performance

make it a formidable choice for a broad spectrum of real-world applications.

e K-Nearest Neighbors (KNN): KNN classifier is built with five neighbors. The
model is trained and then applied to predict outcomes based on unobserved data.
This model is implemented by using the scikit-learn implementation package in
Python. The model makes use of the KNN algorithm’s capacity to classify data
points according to how close they are to other points in feature space in order to
precisely assign class labels to input instances [53]. For categorization challenges in
machine learning applications, this method provides an adaptable and comprehen-

sible answer [54].

Building Deep Learning Model

We also apply deep learning methods by using features extracted from BERT embedding
and Bigh data with convolutional neural networks (CNN) and feedforward neural networks
(FFN) [55]. These advanced frameworks offer improved performance for classification
tasks.

CNN Model Architecture: In recent years, 2D convolutional neural networks (2D
CNN) have been frequently employed in image processing. CNN models have also been
used for text classification tasks and have shown promising results in sequence-based meth-
ods [56]. The 1D CNN is suitable for identifying specific patterns within text sequences,
hence capturing complex relationships. Because pooling layers offer translation invariance,
the model can concentrate on the existence of particular characteristics rather than their
exact placement [57, 58]. In order to create higher-level representations at subsequent
levels, the model combines low-level details it extracts from earlier layers to create hier-
archical features [59]. The details of the deep learning architecture are as follows: two
one-dimensional convolutional layers with a filter size of 64 and a kernel size of 3 make up
the CNN model. A one-dimensional max-pooling layer follows each of these layers. These
layers extract features from the input vectors. We use a fully connected neural network
layer with 128 neurons to convert the retrieved features. After that, we predict the input
sequence labels using a sigmoid [60] output layer. We use the activation function: ReLU
[61] for all other layers. We split the data sets for training and testing by 80% and 20%,
respectively. We utilize binary cross-entropy as the loss function.

FFN Model Architecture: We also add our FFN model architecture, which consists

of two layers:
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Layer Hypermarameters

1D convolution | fl = 64, kr = 3, af = ReLLU
1D Max-pooling Pool-size = 2

1D convolution | fl = 64, kr = 3, af = ReLU
1D Max-pooling Pool-size = 1

Dense units = 128, af = ReLU
Output unit = 4, af = sigmoid

Table 4.2: 1D CNN architecture for our experiment (fl - filter size, kr = kernel size, af =
activation function)

'

Big5 Personality | _y, |
Traits :

Dense (units=128, af=ReL.U)

Max poollD (pool-size=2)

Output (units=4, af=sigmoid)

Figure 4.2: 1D CNN Architecture of our work

e Input Layer (Dense Layer): This layer takes Bigh scores and BERT embedding
(768 dimensions) as input data. The ReLU activation function [62] introduces non-

linearity, enabling the model to learn complex patterns in the data.

e Output Layer (Dense Layer): This layer has a single neuron, which makes it suitable
for regression tasks (use for BERT embedding with reputation). The sigmoid acti-
vation function [63] is used in the output layer, producing a probability-like output

that ranges from 0 to 1.

The model is compiled with an Adam optimizer. The training process is monitored using
validation data to assess the model’s performance over 100 training epochs.
Advantages of choosing the algorithms:

Our study uses a nonlinear approach because of it’s complex relationships and data rep-
resentation. The comparative advantages of each model in the context of our problem are

given:

o SVM:
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— It can handle both linear and nonlinear data through the use of different ker-
nel [64]. Also it works for multiclass classification by using Scikit-learn SVM

module.
— SVM minimize the risk of overfitting by maximizing the margin between classes
[65].

o Random Forest:

— It is an ensemble technique that combines multiple decision trees, gaining high

accuracy and robustness against overfitting [66].

— It naturally handles categorical data and interactions between variables which
is important to understand relationship between personality traits and pro-

gramming languages choices.
e K-Nearest Neighbor (KNN):

— KNN may provide light on how similar personalities are to one another and
possibly identify groups of people who have similar tastes in programming lan-

guages.

— By varying the number of neighbors (k), allowing for different levels of sensi-

tivity to the dataset’s characteristics [67].
e 1D CNN:

— 1D CNN is suitable for categorical data, continuous data, audio/text data and
sequential data [68]. Ahmed et. al. [69] stated that 1D-CNNs process one-

dimensional data, such text or audio, and are comparable to 2D-CNNs.

— 1D CNNs have the ability to detect complex correlations between program-
ming language choices and personality attributes, potentially revealing subtle

patterns that other models would miss.
— 1D CNNs can handle fresh data effectively after they have been trained, which
makes them appropriate for large-scale or real-time prediction problems.
e FNN:
— It is versatile and approximates nonlinear functions [70]. So, it can identify
intricate relationship between personality traits and programming languages.

— Modeling the relationship between personality traits and programming lan-
guages is made flexible by the architecture of FNNs, which may be customized

to prioritize particular features or interactions
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Explainability of the BPT-based model:

To better understand, how our model predicts the programming preference based on the
BPT, we deployed the SHAP Python library ! which enables us to look into the contri-
bution of the feature sets and what impacts they have on the overall decision. Instead of
dealing with them as black boxes, it is important to understand what makes the models
behave as they do. Explainability is crucial in making sure the model is not biased or
behaves predictably [71]. As our model is a multiclass classifier, we investigate how the
model makes decisions for each of the individual classes. Utilizing the Shap Library (SL),
graphical representations are rendered in logit space to explain these processes. The log
odds f(x), integral to this visualization, are derived from the probability (P) associated
with the predicted class for a given sample, calculated as f(z) = In(P/1 — P). Before,

analyzing and going into the details of the model, we examine the feature correlation in
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Figure 4.3: Correlation among the personality traits.

Figure 4.3 depicts the outcomes of this correlation analysis, revealing predominantly
minimal correlations among the traits, barring notable exceptions such as the correlation
between Openness and Neuroticism, and Extroversion and Agreeableness. The negative
correlation observed between openness and neuroticism stems from the inherent incon-
gruence between these traits; individuals characterized by openness embrace change and
challenges, whereas those exhibiting neuroticism tend to display excessive caution and
hesitancy in decision-making processes. Conversely, the significant positive correlation
between extraversion and agreeableness arises from the shared attributes inherent in these
traits. Extroversion indicates an individual’s ease in social interactions and the ability to
effectively convey personal interests and these qualities are congruent with high levels of
agreeableness. These findings are consistent with existing literature references [72], fur-

ther supporting the validity and significance of our observations regarding trait correlations

'https://pypi.org/project /pyshp/
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within the context of programming preference prediction.
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Figure 4.4: Contribution of BPT in the prediction of programming preferences.

To illustrate the methodology behind the model predictions, Bee Swarm charts are
employed for each predicted class across the entirety of the dataset. Figure 4.4 illustrates
these charts, which depict the extent of influence exerted by trait scores on the log odds
of the classes, as indicated by the distance of the data points from the normal line. The
density of data points within the charts reflects the frequency of samples contributing to
either augmenting or diminishing specific log odds from the normal line (0.0). Furthermore,
the coloration of the data points signifies the relative magnitude of the feature values:
predominantly red data points positioned to the left and blue ones to the right denote
that higher feature values lead to a reduction in log odds, whereas the reverse scenario
suggests that lower trait scores diminish the log odds. Conversely, a combination of blue
and red data points indicates a weaker correlation between the feature and the prediction
of programming preference. The correlation weakens as the distribution of red and blue
data points becomes more homogeneous. Notably, the occurrence of alternating bands of
high and low feature values within the charts may arise from complex interactions among
the features.

The visualization presented in Figure 4.5 illustrates the prediction process for a single
sample drawn from the dataset. The notation E[f(z)] represents the average log odds
derived from all predictions associated with a specific programming preference. The term
f(z) denotes the log odds pertaining to an individual prediction derived from the feature
set. Within the visualization, the red and blue rectangles signify Shapley values that re-
spectively augment or diminish the log odds. The length of these rectangles corresponds
to the magnitude of deviation induced by the associated feature. Upon inspection of Fig-
ure 4.5, we can see that the ‘OOP’ (Object-Oriented Programming) class exhibits the

highest log odds compared to other programming preferences, thereby indicating it as the
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Figure 4.5: Contribution of the feature list in class prediction for one sample.

predicted class for the given sample. Notably, the features ‘Openness’, ‘Conscientious-
ness’, and ‘Neuroticism’ contribute positively to the log odds, whereas ‘Extraversion’ and
‘Agreeableness’ exert a negative influence.

This gives us context into how the model is making decisions and understanding the
relationship between the feature set and the predicted classes. As machine learning al-
gorithms become more sophisticated and integrated into various aspects of our lives, it’s
essential to understand not only their predictive capabilities but also how they arrive at
their conclusions. Explainability ensures transparency and trustworthiness in the pre-
dictive model’s outcomes. Understanding why certain traits are correlated with specific
programming preferences allows for more accurate predictions and enables individuals to
comprehend the reasoning behind these predictions. Moreover, explainability helps iden-

tify any biases inherent in the predictive model or the data used to train it.

Model Evaluation for programming preferences:

e Performance Matrixz: Understanding the performance of classification models
in practical applications depends critically on their evaluation [73]. A number of
performance criteria are used to evaluate these models’ effectiveness and accuracy.
Among these, accuracy (ACC), F1 score, precision, and recall stand out as key
performance measures. Each provides distinct information about how well the model

is working.

— Accuracy: When the number of accurate forecasts is divided by the total
number of predictions, accuracy indicates how accurate the model is overall.
Accuracy, also known as precision, describes how well a model or technique
does its job [74]. Equation number 4.1 shows the computation of the accuracy

of a model.
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— Precision: The ratio of actual positive predictions made by the model is
known as precision. Precision is computed by the equation 4.2. Precision, also
known as positive predictive value (PPV), is a metric used to assess the efficacy
and applicability of a method within a database where data science (DS) has
been used [74, 75].

— Recall: Recall, sometimes referred to as sensitivity or true positive rate (TPR)
[76, 77], assesses how well the model can locate each positive case in the dataset.
A high recall score means that few positive cases are missed by the model,
which means it efficiently catches the majority of them. Recall is computed by

equation 4.3

— F1 score: The F1 score offers a fair evaluation of a model’s performance
since it is the harmonic mean of precision and recall. The characteristic of
the harmonic mean of two values is that it is more closely aligned with the
smaller value than the bigger one [78]. When a model obtains a high F1 score,
it simultaneously gets high recall and high precision. F1 score is calculated by

equaltion 4.4

TP + TN

ACC = T T TN FP + PN (4.1)
precision = TPTi—fFP (4.2)
recall = % (4.3)

F1 score — 2 X precision X recall (4.4)

precision + recall

Classifier | Precision | Recall | F1-Score | Accuracy
SVM 0.78 0.73 0.75 0.78
RF 0.65 0.63 0.64 0.66
KNN 0.62 0.60 0.61 0.62
1D CNN 0.76 0.73 0.74 0.76
FNN 0.75 0.73 0.74 0.75

Table 4.3: Performance of Bigh traits based predicting programming preference

o Result: Table 4.3 presents the performance of our prediction model by using tradi-
tional ML models, i.e., SVM and RF by using our BPT features. Then, we obtain
a performance of 78% by using SVM model. On the other hand, we find word em-
bedding based 1D CNN and FNN models show a performance of 76% and 75% |,

respectively.
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Chapter 5
Findings and Analytics

In this section, we present our findings by analyzing users’ Bigd personality traits and
their Stack Overflow and Twitter (X) activities. We investigate and answer the following

findings/research questions (RQs):
e RQ1: How BPT are associated with developers’ programming language preference?

e RQ2: How BPT and developers’ community behavior (i.e., question, answer and

reputation) are linked with each other?

5.1 RQ1

5.1.1 Motivation:

Developers’ BPT likely influences their problem-solving skills, work habits, and overall
compatibility with the working environment. The openness trait may have a correlation
with mobile platform-based programming languages. Mobile apps are updated often to
include new functionality, address bugs that have been identified, or adapt to changes in the
surrounding or technological environment [79]. Trabucchi et al. [80] discussed that mobile
app technology is producing a growing number of significant inventions based on digital
technologies (i.e., cryptocurrency wallet, unity-game-engine, virtual-reality, augmented-
reality, and kotlin-coroutines etc.) due to the widespread usage of smartphones—4.88
billion users are anticipated by 2024 (March), according to bankmycell.com. Smartphones
are also a great example of Internet of Things (IoT) and big data generators because they
are embedded with many sensors (e.g., compass, accelerometer, camera, GPS tracker) that
enable users to gather a vast amount of data. Developers have to be creative and curious
to explore new technology to update mobile applications.

Developers who are responsible, patient, and goal-oriented are likely to be interested
in OOP based programming languages as well. The maintainability of programs can be
enhanced when a language fully adopts the OOP idea and incorporates OOP elements

[81]. Oop structure helps developers maintain code with classes and different modules to
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implement software (i.e., abstraction, encapsulation, and polymorphism). The conscien-
tiousness trait might drive developers to maintain and organize the code for reuse and to
make it easy to understand.

Developers who have a high extraversion score likely have a correlation with web pro-
gramming (web-pro). Akimov et al. [82] discussed that e-commerce developers might need
to be aware of the technologies (motion UI, serverless-framework, websockets, static site
generators, jamstack, etc.) and interaction with the marketing department, IT depart-
ment, as well as how these organizations collaborate to create and promote the company’s
e-commerce. Garaizar et al. [83] described some work of web developers in which they use
JavaScript to create images or other web assets from scratch and preload them. Extraverts
tend to be outgoing people who do well in situations requiring a lot of conversation and
engagement. Developers in web development projects are likely to share the content, out-
comes, tips, and tricks with others because of their focus on cooperation and customer
involvement.

Neuroticism may not have any significant correlation with any platform-based pro-
gramming language, since negative emotions may reduce working motivation [84, 85].

In the light of the above discussion, we also find an association between developers’
patterns of tweets and their SO tags, which can be relatable to their BPT. We observe
below that User_X’s tweet exhibits a high degree of conscientiousness since it shows con-
cern about issues in society like the climate crisis and a sense of duty. On the other hand,

the user likely assigns primary tags that fall under the label of oop.

Conscientiousness vs oop
User X
Stack Overflow tags: c#, .net, entity-framework and asp.net etc.
Tweets: This is what keeps me awake at night. Coding and IT security are

interesting problems. But what really scares me is the climate crisis. It’s here. Now.

Besides, the tweet of User_Y reveals a great degree of excitement to learn new expe-
riences because the tweet expresses interest in taking part in an intellectually challenging
task. Similarly, the user also shows interest in SO with the tags of mobile application

development.

Openness vs Mobile
User_ Y
Stack Overflow tags: objective-c, ios, iphone and xcode etc.
Tweets: #adventofcode starts tomorrow! I hope you’ve all got your projects set

up and ready to go. Good luck! May you get all 50 stars!

Similarly, User_Z praises his/her friend’s creation by tweet. By sharing his/her excitement,
the user hopes to establish a connection with their social circle in addition to recognizing

a friend’s accomplishment. This post demonstrates the extraversion personality trait by
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expressing happiness and engaging in social interactions. The user’s stack overflow tags

represent their preferences for programming tags that are associated with their BPT.

Extraversion vs Web-pro
User_Z
Stack Overflow tags: angularjs, javascript, html and jquery etc.

Tweets: Really like the finished product. My friend Bruce made this cool bellows

for his outdoor fireplace.

5.1.2 Results from FLDA:

Table 4.1 shows the Fisher’s coefficient of LDA between users’ BPT and their program-
ming language preferences. However, we find that our best selected features are openness,
conscientiousness and extraversion traits. Openness has a higher correlation with mobile
platform-based programming languages than oop, web-pro, and database. Conversely, the
conscientiousness trait has a higher correlation with oop than mobile platform based pro-
gramming languages. Conscientiousness: developers are likely to work with oop (python,
java, c#, c++, ete.), because they may feel comfortable working with effective data mod-
eling, implementing safe design patterns, ensuring security with oop features, and having
an interest in maintaining code. However, the extraversion trait is highly correlated with
web-pro. Developers with a web-pro preference are likely to share their products and ideas
with others frequently. However, we find no correlation between BPT and database tags.
Since the majority of the developers (i.e., oop, web-pro, and mobile) need assistance with
database platforms, they also join conversations in other threads. Fan et al.[86] stated
that when learning in open-ended environments, everyone should have knowledge about
databases. Therefore, we did not find any specific correlation with any BPT. However, de-
velopers with the neuroticism trait have negative emotions like anxiety, stress, loneliness,
etc., these psychological states may degrade working performance. In study [12], authors
also find similar associations to ours (openness, conscientiousness, and extraversion) when

finding correlation with programming aptitudes.

5.1.3 Developers’ BPT and their topical interests:

We also explore the popular topics on SO and the prominent personality traits expressed
by the participants in those topics. We provide insight into the interactions between
the participant’s involvement patterns based on their BPT. By combining user-generated
tags with the personality trait (especially Openness and Conscientiousness), we can find
a pattern by utilizing data visualization techniques, especially word cloud [87]. We may
evaluate the contributions and topic interests of the participants through the distinctive
view provided by the word cloud, an engaging collection of commonly used tags linked to
user IDs. But what distinguishes this study is the use of personality trait data, particu-
larly the 3rd quartile of openness and conscientiousness, which provide the visualization

with a deeper understanding of the underlying reasons and user preferences. Figure 5.1
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presents the relationship among user-generated content, personality traits, and commu-
nity interactions. Since the cloud represents the topical interest among the users who have
high openness and conscientiousness, we find that android, python, java, etc. are the most
popular tags, which are also endorsed by our discovered association. Figures 5.1a and 5.1b
show that the users who have higher openness and conscientiousness scores, respectively,
prefer these large size words (programming technologies and languages), and those with

lower scores prefer small size words (programming technologies/languages)
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Figure 5.1: Word Cloud as topic of interest by openness and conscientiousness personality
traits.

5.2 RQ2

As developers navigate platforms like SO and Twitter and interact with the community,
their posts and responses are likely to reflect their behavioral traits [88, 89]. In SO, most
of the interactions are through questions and answers, which represent users’ technical
interest. Whereas Twitter is more of a social platform where people post their personal
experiences and thoughts, intimate personal information, daily activities, and their obser-
vations on any issue. Studies [23, 90] show that users likely reveal their actual personality
traits in social media. Due to the nature of these two platforms, the way of interacting
with the respective communities is expected to be different. As the posts and interactions
from Twitter are more candid and informal, the analysis of one’s profile here is more
likely to reflect their comprehensive behavioral traits. Arnoux et al. [36] show that the
IBM Personality Insight API outperforms the state-of-the-art techniques for personality
prediction '. The underlying model of the API integrates word embedding features with
Gaussian process regression. The APT also requires eight times less data than the previous
approaches. Several studies [91, 92] also used the IBM Personality Insight API for per-
sonality inference and showed that such text-based inferred personality can still predict
real-world behavior. The API requires at least 100 words to start analyzing. We observe
that we can compute personality by using the API for users who have, on average, 12-15

tweets. In this section, we explore several objectives to address these findings.

Thttps://cloud.ibm.com/apidocs/personality-insights
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e Objective 1 (O1): Does BPT affect an individual’s propensity to engage in question-

and-answer interactions on SO?
e Objective 2 (02): Does a person exhibit the same BPT across Twitter and SO?

e Objective 3 (03): Have BPT any affect on the reputation of an individual in SO?

5.2.1 Observations:
O1:

We explore the association between the BPT and question-and-answer pairs. Table 5.1
shows the association between questions and answers for different personality traits. Open-
ness and conscientiousness are two notable personality traits that show significant associ-

ations with the answer a user provides.

?;iftfersonahty p value of Ques. | p value of Replying
Openness 0.4396 0.0046*

Conscient. 0.5449 0.0217*

Extravert. 0.46598 0.111

Agreeable 0.1623 0.355968
Neuroticism 0.373679 0.829

Table 5.1: Association with Bigh personality traits and question asking/replying.

On the other hand, the connections between the questions and answers for extraversion,
agreeableness, and neuroticism do not achieve statistical significance. These findings raise
questions about the complex and multidimensional characteristics of personality evalua-
tion, even though they may point to a lack of relationship between some question-answering

pairings and these personality traits.

02:

In this section, we conduct Paired T Test [93] to check if the means of these two scores
are significantly different by using Python stat package 2. After computing the BPT
scores from Twitter and SO, Table 5.2 shows that all Bigh traits are significantly different
from one platform to another. After computing the Bigh scores from Twitter and SO,
Table 5.2 shows that all five dimensions of Bigh produce different scores. The mean values
for all Bigh personality traits are higher on SO than on Twitter. The t-values for all
traits are negative, indicating that the mean values on SO are significantly higher than on
Twitter. The p-values for all traits are significant (<0.05), indicating that the differences
between the mean values on SO and Twitter are statistically distinguishable. Since our

investigation shows a significant difference in the Bigh traits computed from both of the

2https://docs.scipy.org/doc/scipy /reference/generated /scipy.stats.ttest_rel.html
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platforms, the observation of both SO and Twitter can provide better insight into one’s

personality traits and in turn their language preference.

B1g§ Personality mean_stack. | mean_Twit. | t-value | p-value
Traits

Openness 0.992 0.824 -31.977 | 3.35E-146*
Conscient. 0.520 0.311 -29.505 | 7.07E-131*
Extravert. 0.127 0.153 5.503 4.99E-08*
Agreeable 0.003 0.053 16.598 | 1.52E-53*
Neuroticism 0.114 0.401 37.486 | 8.75E-180*

Table 5.2: Results of Paired T Test on Bigb Traits between Twitter and Stack Overflow
Platforms.

The following formulae were used to determine the t- and p-values:

o t-value Calculation: The mean difference and standard deviation of the Twitter
and Stack Overflow groups are used to compute the t-value for each personality

feature. The equation for t-value is following:

. d
 sa/vn

t (5.1)

In this equation:

— d is the mean differences between paired observation.
— 8q is the standard deviation of the differences.
— n is the number of paired observations.

e p-value Calculation: The p-value denotes the likelihood of a t-value that, under
the null hypothesis, is either as extreme or more extreme than the t-value that was
observed. The sample size determines the degrees of freedom, which are computed
using the t-distribution. The p-value for a two-tailed test calculated by the following

formula:
p-value = 2 x P(T > |t|) (5.2)

Where:

— T is the t-distribution with n — 1 degrees of freedom.

— |t] is the absolute value of the observed t-value.

03:

We briefly discuss the association between the reputation of SO users and behavior to
understand the relationship between them. In SO, users’ reputation scores are essentially
calculated based on the number of votes they earn for participating in any of the three

main Software Engineering (SE) community activities: asking, answering, and modifying
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questions and answers [94]. The SO website has details on various reputation-related
actions, like bounty payouts and reputation limitations. Receiving thumbs-ups from other
users for any of these acts entitles a user to reputation points; however, these activities
have varying weights. Each of the following actions will get you points: 5, 10, and 2 for
revisions [94]. Upvotes, downvotes, accepted answers, bounties, and approved suggested
modifications are the main factors that impact reputation scores on SO and indicate
the level of trust within the community. For this, we will be exploring each of these

contributing factors to the reputation of users in the following sections.

e Reputation vs. Question: Reputation is a way of measuring a user’s level of
participation and contributions in SO. Questions are one of the primary methods
by which users seek assistance and information [95]. The relevance and quality of a

question can have an impact on one’s reputation in SO.

Reputation_P_value
Question | -0.0227

Table 5.3: Association of users’ reputation and their questions

Table 5.3 presents that the p-value (<0.05) of reputation and question is significant
and they are negatively correlated. A user with a good reputation is more likely to get
prompted and answer correctly to their questions. Study [96] shows that questioners
may face competence penalties and high humility. The study also shows that most
practitioners do not ask questions at every opportunity, and questions reveal what
the seeker does not know. Calefatoa et al. [97] mention how a user’s reputation
can influence the likelihood that their questions will be answered successfully on
SO. They discuss that user-generated questions that are successful should be brief,
incorporate code samples into the question body, and refrain from using unnecessary
capital letters. They also talk about how a user’s chances of receiving a satisfactory
response to their question on SO are increased when they write their queries in a

neutral manner.

e Question vs. Answer: From Table 5.4, we can observe that questions and answers
are significantly correlated (where p-value <0.05) to each other. Users can ask and
respond to questions about programming and software development on SO [98].
SO hosts a wide range of programming languages and technologies, users can post

questions, and the community can subsequently respond with answers.

Question _P_value
Answer | 0.02335*

Table 5.4: Association of users’ questions and their answers.

Zhu et al. [99] discuss the nature of questions in SO in relation to answers. They

point out that both askers and answers actively participate in these discussions and
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that the more answers there are, the more likely participation increases. Lastly, they
talk about a significant relationship between the number of answers to a question
and the time it takes to respond to it, i.e., more discussed questions get slower
answers. Wang et al. [100] discuss the quality of shared answers to questions on
SO. They mention that users make more meaningful revisions to their answers on
badge-awarding days compared to typical days. They also discuss that users were
more likely to make minor answer revisions if they made many minor revisions in a

single day.

Reputation vs. Answer: Reputation is an estimation of a user’s knowledge and
participation in the community, it plays a crucial role in deciding to answer questions
on SO. High-reputation users are regarded as more informed and experienced, and
their responses are frequently given greater weight and consideration. Pennebaker et
al.[101] demonstrated how consistently a user’s reputation relates to how well their
response was received. From Table 5.5, we observe that users’ pattern of answer
and their reputation scores are significantly correlated. Users with high reputation

scores are likely to have their responses regarded more seriously by other users in

SO [95].

Reputation_P _value
Answer | 0.00001114*

Table 5.5: Association of users’ reputation and their answers

In SO, users ask questions, give answers, and submit comments created by oth-
ers [102, 103]. In this way, users earn rewards or reputation scores, which help them
introduce themselves in the online community as experts on the topic. Furthermore,
people with high reputation ratings are more likely to have their responses voted
up, which can make the answer more visible and aid in its user outreach. The SO
question-answering system places a lot of emphasis on reputation as well as the
quality of answers. While answers are made in responses to user-posted questions,
reputation is a gauge of a user’s participation and contributions to the website. Al-
though reputation can influence an answer’s exposure and legitimacy, it does not
ensure that the answer has high merit. A user who filed a question on SO has the
option to mark one of the submitted responses as an accepted answer, indicating
that this is the most beneficial response. In a similar vein, users can ”upvote” an-
swers to indicate how useful they are, and users with a good reputation are typically

those who have offered numerous insightful answers [95].

Association with BPT and Reputation

From Table 5.6, we present the correlation coefficients between users’ BPT and

reputation scores. The correlation coefficient between openness and reputation is
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approximately 0.08 and the p-value (<0.05) is statistically significant. Our study
shows that users with high openness scores likely hold a high reputation in SO.

Bigh Traits r_value_reputation | p-value_reputation
openness 0.0792 0.02346*
Conscien. 0.0838 0.0164*
Extraversion -0.0259 0.39901
Agreeableness -0.0357 0.4143
Neuroticism -0.0485 0.0147*

Table 5.6: Association of Bigh Personality Traits and users’ reputation.

Answers of low quality or irrelevant to the discussion topic usually gets downvoted
in SO [104]. Figure 5.2 shows the upvote to downvote ratio of SO users who fall
above the third quartile of openness scores. Among the observed users, the majority

of them have a large number of upvotes relative to the number of downvotes.

Upvotes and Downvotes by Personality Trait
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Figure 5.2: Upvote to downvote ratio of posts from users who express more openness

Conscientiousness and neuroticism show similar p-values indicating these behaviors
have a significant correlation (< 0.05) to one’s reputation in the SO platform. Sim-
ilar to openness, conscientiousness have a positive correlation which refers users
expressing more of these behaviors have a higher possibility of garnering more repu-
tation. On the contrary, neuroticism has a negative correlation to reputation mean-
ing developers who have negative traits such as anger, sadness, agitation, etc. may
likely impact negatively on one’s reputation. Among the BPTs, agreeableness and
extraversion trait do not show any significant connection (p-val > 0.05) to the rep-

utation of an individual in any SO platform.
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The findings of this study have a significant impact both online and real world situation
because of the growing significance of online reputation. The idea of social capital also
considers the connection between a person’s social status and their accomplishments or
reputation[105]. According to one’s social position in the social network, one’s social
capital is a gauge of how important they are to the community. However, there might be

more factors outside only social standing that influence a user’s success.
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Chapter 6
Implications and Discussions

This section covers our study’s main conclusions, the convergence of ML and psychology

research, real-world implications and validity for our study.

6.1 Key findings

Developers’ language choices are likely to be influenced by their behavioral traits, i.e.,
BPT. Exploring platforms such as Twitter and SO may be a reflection of the character-
istics of developers, suggesting a connection between language preferences and behavior.
Different ML algorithms allow us to anticipate the preferred programming languages of
developers. These results can enhance our use of technology by clarifying the reasons

behind people’s language preferences. However, we summarise our key findings as follows:

e Developers who have high openness scores are likely to inclination with mobile plat-
forms, while developers who are high in conscientiousness score lean more toward
OOP. While extraversion may be in line with collaborative web projects. The impact

of agreeableness and neuroticism seems to be negligible.

e Our article explores how involvement with question-and-answer sessions on SO is
influenced by BPT. We discover the importance of openness and conscientiousness
traits on interaction dynamics, which is statistically significant. However, extraver-
sion, agreeableness, and neuroticism traits do not exhibit significant association,

highlighting the complexity of assessing personality in this situation.

e BPTs represent significant variance on Twitter and SO based dataset. Twitter rep-
resents users’ comprehensive behavior, i.e., BPT, while SO only shows their behavior
in a niche professional community. Twitter is a social media platform intended for
general use, therefore is less focused on technical question/answer activities. Though
one has the freedom to express one’s questions and answers in their own expressions,
it is always bounded within the technical knowledge domain. This restricts the ex-
pression of emotions and personalities, whereas Twitter allows for a broader range

of subjects and opinions, leading to distinct patterns in the behavior.
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e We also explore the relationship between the behavior of SO users and their rep-
utation. Reputation and users’ BPT, questions, and answers have significant con-
nections that highlight the intricate relationship between personality, conduct, and
online reputation. SO answers may get upvoted or downvoted. Though upvotes may
act as a reward, the likelihood of getting downvoted can deter people from answer-
ing. Developers who are more open-minded like to take on this as a challenge and
reply to posted questions. Likewise, someone who is more conscientious pays more
attention to details, which can lead to a more in-depth understanding of the domain.
As answering posted questions/problems requires mastery of their domain, conscien-
tiousness can explain the higher correlations. Also, in SO the likelihood of someone
posting a question is dictated by the encounter of problems that someone may lack
understanding of the site. The decision to post a question is more influenced by
the situation than one’s character traits. This may explain the lack of correlation
between the BPT and the likelihood of posting questions in SO.

6.2 Convergence of ML and psychology

The findings of our research work has explored the complex landscape where BPT and
users’ behavior converge, particularly within the context of software development commu-
nity (i.e., question, answer, and reputation in SO). Ahmed et al. [106] describe that in the
collaborative environment of software development, soft skills like personality traits, social
interaction skills, communication, and personal habits increase the likelihood of success
of an individual and positively contribute to the project’s overall aim. In a nutshell, our
exploration of the intersection of psychology and technology is not just theoretical. It
is a practical guide for companies aiming to build highly effective software development
teams [107]. Organizations can position themselves for success in a fast-moving market by
identifying the hidden combination of personality traits, reputation, and domain-specific
preferences [108, 109]. In simple terms, this is the foundation for promoting creativity
and achieving excellence in software projects, ultimately leading the business to long-term
success.

By using effective machine learning methods, our research is in line with the wider
movement of interdisciplinary investigations at the interface between computer science and
psychology. Our findings are comparable with general social structures, demonstrating
the increasing acknowledgement that individual differences influence digital experiences
and career results [110, 111]. This study adds new perspectives to the fields of software
engineering and HCI (human-computer interaction) [112], while also complementing and
expanding upon the larger corpus of work in the fields of machine learning, online behavior

analysis, and personality psychology.
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6.3 Practical implications

Our investigation for Al-based prediction models for programming language selection dis-
cover the relationship between user behavioral attributes, online activity, and technology
preferences. We propose a few practical implications related to complicated human nature

and preferences across a range of programming platform related context.

e Recruiters, policy makers, job agencies, etc. can analyze users’ tweets to understand
their inclination towards a programming platform/technology. Since we demonstrate
association with BPT, the mentioned stakeholders can also conduct a straight for-
ward survey (i.e., IPIP, TIPI, etc.) for recommending users’ to be involved in a

suitable platform if available tweets or open-ended writing content are not found.

e Technologies are upgrading on a continuous basis, even new technologies and paradigms
are introducing. In our article, we divided the technologies into four basic aspects
such as: object construct, web based platforms, technologies for hand held devices
and overall data storing and manipulating systems. However, based on our cate-
gorization, we can distribute the new technologies to its respective classes if such
platforms are found. Therefore, it is also possible to map the new trends and tech-

nologies according to our findings.

e Since we discover association with BPT and community activities such as question-
ing, answering and reputation, our method may also able to play important role to

distribute tasks among the team members during project responsibility assignments.

e Since BPT is one of the powerful instruments in psychology research, we can consider
these traits as middle layer. For example, we may deploy gamification, metaverse,
interactive simulation, etc. to understand users’ BPT which can be mapped with
programming preferences. There are several studies [113] that predict users’ BPT

by using a gamification based approach.

6.4 Threats to validity

e Internal validity: Internal validity represents the degree to which variables in the
research environment may affect the results and interpretation of the information
gathered. A possible risk to the internal validity of the suggested technique is related
to the data collection process. We have gathered data from Twitter and SO based
on various users’ tweets and programming tags. For tags, we should consider all
possible tags for our research, but we have used selective tags from the users’ profiles,
which may not give predictions for all languages. It takes careful investigation and
interpretation to see how BPT interacts with various aspects of online behavior, such

as reputation or question-answer dynamics.
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e Fzxternal validity: Our research primarily focuses on Twitter and SO which may limit
the insight of other social and online behavioral communities. Distinct user groups,
engagement rules, and content categories across platforms may have an impact on
the behavior patterns and personality traits that are observed. Our findings are
based on specific time duration. However, user preferences and BPT may change
over time [114] and with the new development of technologies. This could restrict

the applicability of our results.

o Construct validity: We make sure that the measurement of personality traits is con-
sistent with accepted psychological theories and constructions by utilizing approved
tools or procedures, such as the IBM Personality Insight API. Stack Overflow repu-
tation scores are a good indicator of a user’s reliability and value to the development
community. Based on clearly specified parameters like upvotes, acceptable responses,
and badges, these reputation scores make sure that the measurement is in keeping
with the concept of reputation as intended in the context of online platforms. The
research is based on well-established frameworks and theories from computer sci-
ence, sociology, and psychology, including social network theory and the Big Five
personality theory. We make sure that the ideas being examined are theoretically
significant and pertinent to the research domain by lining up our research questions

and hypotheses with these theoretical frameworks.
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Chapter 7

Conculsion

This section contains the limitations, future directions, and conclusion of our work.

7.1 Limitation

We acknowledge some limitations of our work. Some other factors beyond BPT may

influence developers’ programming preferences. Our selective data collection is potentially

limiting predictions for all programming languages. Our research is primarily focused on

Twitter and Stack Overflow, potentially limiting insights from other online behavioral

communities, with findings based on specific time durations and subject to changes in

user preferences and technological developments.

7.2 Future directions

Considering the limitations and other factors, we can extend our research into several

future avenues.

e (Content type for prediction: In our article, we mainly predict users’ BPT from
their writing pattern, i.e., text, used in Twitter by using IBM personality insight
API. However, in recent time several studies also use multi modal content type
such as image [115], EEG from brain signals [116], gait analysis from video [117],
speech [118] and many more to predict users’ BPT. We may find association of
users’ programming preferences extracted from multi modal content type for better

comprehension of user behavior.

Traits of psychological behavior: In our study, we mainly find users’ programming
platform recommendation from the BPT. However, we may consider other important
human behavior such as values, self-efficacy, emotion, sentiment to find inclination
with their programming platforms and technologies. In recent times, people are

also checking how differently their brain works, neurodiversity, can be associated
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with BPTs, consequently how they are correlated with users’ programming language

recommendation.

e Use of cutting edge technologies: Though we have demonstrated deep learning and
explainability of the features, we may still use further advanced deep learning based
techniques such as attention, and transformer based approaches in the computational
modules. Furthermore, we can use architectural features, i.e., degree centrality,
betweenness, clique relationship among the users, similarity among the users, etc.

may produce different relationship with users’ programming recommendation.

e Dynamics of BPT: We can analyze long-term data to evaluate if/how BPT and
preferences change/evolve over time. Apart from long-term, short-term studies can

also help identify trends and pickup rates.

7.3 Conclusion

Our study has explored the intriguing relationship that exists between users’ BPT, and pro-
gramming languages within the framework of online communities. The various predictive
models showed impressive accuracy, highlighting their potential for real-world program-
ming language recommendation applications. Examining the BPT traits revealed how
various traits affect patterns of user involvement. We have conducted an analysis of plat-
form differences between SO and Twitter, which revealed subtle aspects of user behavior.
Furthermore, the complex interrelationship among inquiring, answering, and reputation
on SO has demonstrated the dynamic nature of the knowledge-sharing ecosystem. Fur-
thermore, a more thorough analysis of the complex relationships between the BPTs and

online behavioral dynamics could improve our understanding of user interactions.
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