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ABSTRACT

PREDICTIVE ANALYSIS OF CROSS-CULTURAL ISSUES
IN GLOBAL SOFTWARE DEVELOPMENT
USING AI TECHNIQUES

The objective of this thesis is to identify predictive modelling that can be employed to mitigate
problems due to cultural differences in GSD environment. When developing software for global
usage, more and more teams consist of members that have different cultural backgrounds. Such
differences cause communication barriers, have conflicting approaches to work, and generate
confusion that results in weaker projects. The objective of this study is to arrive at risk factors
useful in early detection of cross-cultural impacts so that important problems do not compromise
project results. The current algorithms tested were Linear Regression, Ridge Regression, Lasso
Regression, SVR, and XGboost. A set of criteria was adopted for the comparison of each model
which includes Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE) and R-squared. Among all, Linear Regression returned the highest value of R-
squared = 0.90 which shows that the model can predict with high accuracy. As for other models,
medium accuracy was revealed by both Ridge Regression and XGBoost but adjusting them
boosted the results only slightly. The analysis further shows that Linear Regression is the most
accurate model in this task. The work offers important implications for the integration of existing
Al-based methods into human-centered approaches that can support cross cultural concerns
addressed in software development teams. When conflicts of interest are foreseen, approaches for
improved understanding and cooperation should be employed to increase the efficiency of the

team’s work and the success of a project.

Keywords: Cross-Cultural Challenges, Global Software Development, Predictive Analysis,

Machine Learning, AI-Driven Solutions.
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OZET

Al (YZ) TEKNIKLERI KULLANILARAK KURESEL YAZILIM
GELISTIRMEDE KULTURLERARASI SORUNLARIN
ONGORULEBILIR ANALIZI

Bu tezin amaci, GSD ortaminda kiiltiirel farkliliklardan kaynaklanan sorunlari azaltmak igin
kullanilabilecek tahmini modellemenin nasil kullanilabilecegini belirlemektir. Kiiresel kullanim
icin yazilhim gelistirilirken, giderek daha fazla ekip farkli kiiltiirel gecmislere sahip iiyelerden
olusmaktadir. Bu tiir farkliliklar iletisim problemlerine neden olmakta, ise yonelik celiskili
yaklagimlar sergilemekte ve daha zayif projelere yol acan kafa karisikligr yaratmaktadir. Bu
calisma, yukarida bahsedildigi gibi 6nemli sorunlarin proje ¢iktilarini tehlikeye atmamasi igin
kiiltiirleraras1 etkilerin erken tespitinde yararli olan risk faktorlerine ulasmaktadir. Dogrusal
Regresyon, Ridge Regresyonu, Lasso Regresyonu, SVR ve XGboost algoritmalar1 kullanilarak
testler yapilmistir. Her modelin karsilastirilmasi i¢in Ortalama Karesel Hata (MSE), Kok Ortalama
Karesel Hata (RMSE), Ortalama Mutlak Hata (MAE) ve R-kare igeren bir dizi kriter incelenmistir.
Kullanilan algoritmalar arasinda Dogrusal Regresyon ile modelin yiiksek dogrulukla tahmin
edilebilecegini gosteren en yiiksek R-kare degeri elde edilmistir. Diger modeller i¢in Ridge
Regresyon ve XGBoost tarafindan orta diizeyde dogruluk ortaya konmus, ancak bunlarin
ayarlanmasi sonuglart ¢ok az 1yilestirmistir. Ayrica, yapilan analizler sonucunda Linear
Regresyonun en dogru model oldugunu gosterilebilmektedir. Bu calisma, yazilim gelistirme
ekiplerinde ele alinan kiiltiirleraras1 endiseleri destekleyebilecek insan merkezli yaklagimlara,
mevcut Al-tabanli yontemlerin entegrasyonu i¢in 6nemli ¢ikarimlar sunmaktadir. Cikar catismalari
ongoriildiigiinde, ekip caligmas1 verimliligini ve dolayistyla bir projenin basarisini en iist diizeye

cikarmak icin daha 1yi anlayis ve is birligi ¢oziimlerinin kullanilmasi gerektigi goriilmiistiir.

Anahtar Kkelimeler: Kiiltiirleraras: Zorluklar, Kiiresel Yazilim Gelistirme, Tahminleme Analizi,

Makine Ogrenmesi, AI-Odakli Coziimler.

Tarih: 06/11/2024
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1. INTRODUCTION

GSD is now the common practice in software development organizations where several team
members are situated in different geographical areas and work together in the development of
software products. Despite GSD offering many advantages like cost effective solutions,
appropriateness of large pool of skilled human resource, and round the clock working and
development cycle, it also brings some challenging issues. Among them, cross cultural issues are
more evident and could significantly affect GSD projects. Cultural similarities and differences
pose potential conflict to project success since they depict how the stakeholders view, approach,
and comprehend situations expected in a project. Solving these concerns is central to GSD project
efficiency and effectiveness since they coordinate numerous interrelated projects and tasks

(Saklamaeva & Pavlic, 2024).

Specifically, without underplaying the critical nature of cross-cultural issues in GSD this research
aims to apply cutting-edge Al techniques to address such a challenge. The basic research question
of this work is the creation of such algorithms that would enable future cross-cultural conflicts.
These two Al-based models which are trained from the historical data and live interaction data
seek the patterns and info which are not easy to get with other usual approaches (Li et al., 2024).
The application of such a plan is to make the managers of projects and teams take proactive
measures directed towards the prevention of unfavorable conditions which hinder efficient co-

operation, hence encouraging an increase in the rate of success in projects on GSD.

It holds importance because of the chance that may be brought to its light with regards to
supporting applied research in cross-cultural management more systematically linking theory-
based knowledge with practical action. Such issues are known through much literature, yet sound
approaches for handling the versatile are mostly missing in available research about it (Hassan et
al., 2023). Therefore, this research aims to develop a framework for cross-cultural challenges in
organizations by using Al methods, including ML, NLP, and data mining. Such a framework will
not only advance the academic knowledge of GSD projects but also provide necessary insight and

technique for the industrial practitioners to enhance the management of those sorts of projects.



Besides, this study throws up implementation issues of the predictive analysis on actual GSD
environments. Therefore, through empirical validation of this, we hope to show that these
predictive models are both effective and accurate. The result of this research offers ideas about
how a company engaged in GSD can effectively work with potential cultural clashes and should
adopt efficient techniques on mastering them. Finally, this study will enhance the effectiveness of
coordinatively operated teams from geographically dispersed locations so that international

software development projects can be nurtured and developed (Feldt et al., 2018).

Our research therefore bridges the gap of using Al techniques to predict cross cultural aspects in
GSD. In so doing, our long-term objective is generating and validating models through which
organizations can effectively construct accurate models of culture that will enable them proactively
to control for organizational culture differences and thereby optimally execute and deliver GSD
projects. This research work represents an improvement in the application of Al to human-centric

issues within the context of globalization software development (Ringeval et al., 2019).
1.1.GSD and Cross-Cultural Issues in GSD

GSD refers to the delivery of software development projects across multiple geographical
locations. Organizations have shifted to implementing this model as they try to harness the
advantages of having a geographically dispersed employee. Global Software Development allows
organizations to access a larger talent base, need fewer resources and become a continuous working
operation by capitalizing on the global time difference cycles. The goal distribution process helps
teams that work based on different areas of the world. These contribute to the acceleration of
development cycles and give even more competitive advantage to the organization

(Tantithamthavorn & Jiarpakdee, 2021).

Still, continuing the definition of complexities brought up by this research, GSD is the most of
interest due to its inherent complexities. In many ways, the way the work gets distributed across
the various sites also gives rise to quite a few co-ordination and communication problems as
discussed in the following sections. Most GSD projects require the combination of expertise from
various sites indicating that project success depends not only on technical capability but also on
cross-site coordination (Mantello et al., 2021). Most of the teams are formed by members of

various cultural backgrounds, and cultural differences add pressure to these teams. This
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categorization of cross cultural interactions as complex and fertile grounds for misunderstanding
makes it quite necessary for GSD to look into the best ways of improving on cross cultural
interactions with a view of enhancing the efficiency and efficacy of GSD initiatives.(Martinez-

Fernandez et al., 2022).

Cross-cultural issues arise from the fact that GSD involves teams with various cultural
backgrounds. These issues could be presented as differences in styles of communication, views
about hierarchy and authority, styles of solving problems, and work ethics. Some cultures prefer
to communicate in an explicit, direct manner while others may prefer more indirect or context-
dependent communication. Perceptions of time management, conflict resolution, and decision-
making can differ significantly, such differences frequently present friction or misunderstandings

between team members from different cultural backgrounds.

In GSD, cross-cultural differences might not be managed properly and can therefore create
misunderstandings, misinterpretations, and conflicts. For example, being unaware or insensitive
to another's cultural norms may make someone feel disrespected or ostracized, which can bring
collaboration and trust to the lowest level. If they are not solved, these problems can also ruin the
smooth flow of work and, therefore, hamper the success of a software development project. Thus,
the need to recognize potential cultural conflicts is paramount before an amicable conclusion is

achieved in ensuring project execution and teamwork (Nakao et al., 2022).

It aims to develop a model for predicting potential cross-cultural issues based on historical data
and current real-time interactions using Al. It is a pro-active measure in helping the project
manager and teams prepare beforehand to confront such cross-cultural challenges before they
arise, thus resulting in an even more effective and pleasant working environment with GSD

settings (Li et al., 2024).



1.2.GSD
1.2.1. Definition and Key Concepts

GSD defines the practice of managing the processes of software development geographically
dispersed. Instead, this approach uses teams that can be in different cities, countries, or even
different continents. The main strategic purpose of GSD is to maximize the opportunities brought
into the table by decentralized geography, including low costs, access to a wide pool of talents,

and incremental cycles through different time zones (Bodimani, 2021).

A Core problem associated with GSD includes distributed development, virtual teams, and
offshore outsourcing. Distributed development is the term for when the project and team work at
dispersed geographic locations. Virtual teams may be defined as teams consisting of employees
who work along with individuals belonging to other departments or organizations or even different
geographic areas, and they do not have the possibility of meeting other teammates in person.
Offshore outsourcing, on the other hand, is a subset of GSD where project development work is

outsourced from one country to an organization in another country (Saklamaeva & Pavli¢, 2024).
1.2.2. Historical Development

The development of GSD can be traced back to the late 20th century with advancement in
communicational technologies, and market globalization. During the 1980s and 1990s, a few
organizations accepted the proposal of outsourcing software development to countries where cheap
labor is available. This development was primarily driven by the effort to reduce operational costs.
The use of outsourcing evolved from a pure cost focus over the years to one covering strategic
moves with regards to skills and expertise that may only exist in specific locations. (Ali et al.,

2020).

The increase in adoption of GSD began in the early 2000s, at the advent of internet and enhanced
communication technologies. Some of the advantages include that companies began to realize the
importance of having a presence in the global marketplace; this is because it leads to diversity of
ideas within the business and efficiency in tapping its markets across the globe. Today GSD is an
established business practice that is growing fast in the software industry as many organizations

maintain development centers in two or more countries.

9



1.2.3. Current Trends and Practices

GSD of today's pattern can be attributed to the changes in the global business scenario and
technological advancements. Indeed, there are some trends, no so subtly visible, the foremost that
has caught attention is Agile approach for distributed environments. Software products such as
scrum, Kanban, are methanolic reiteration and feedback that holds up considerable amounts for
integrated team. Applying these methodologies in the international context requires considerations

in terms of time differences, language barriers, and cultural differences(Miraz et al., 2022).

Lastly comes the use of digital collaboration tools and platforms emerging due to Coronavirus.
Platforms like slack, Jira, and Zoom emerge as core when it comes to the communication of a
dispersed workforce. These platforms also lead real-time working, managing of projects, sharing
of the knowledge which improves the productivity as well as productiveness of GSD (Grossman

et al., 2021).

Another area that is being affected by the practices of DevOps is GSD. DevOps is a software
practice that is aimed at the unification of development and operations. On an international level,
this needs coordination across geographical and temporal continents and hence calls for sound

processes and workflow automation (Jain, 2011).
1.2.4. Benefits of GSD

Global software development offers advantages of economies, enormous talent pool, and
flexibility. Firms can dramatically trim their operating costs by extending their development
assignments to areas that charge lower wages. Besides this, GSD captures new skills and resources
not available in the organization and expert resources in other parts of the world to create

innovative software products. (Hassan et al., 2023).

The fourth advantage of GSD is flexibility of operations since it can be run on a twenty-four-hour
basis. Through manipulation of time difference, a company is able to have a perpetual development
process, meaning that the rate by which new projects can be developed will be hastened in addition
to increased efficiency. Since this is a continuous operation, it can be very useful for important

projects that have shorter time lines(Chin et al., 2021).
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1.2.5. Challenges of GSD

However, GSD incorporates numerous issues that need to be sorted out to successfully deliver the
projects. Among them, communication is the central issue characteristic of telework that may delay
the work schedule, create misunderstanding, and even misinterpretation as the people work from
a time zone far from others, besides facing the barriers of languages and culture. It would be very
helpful if the members of such teams communicate with each other as clearly as possible because

this may help to overcome the listed barriers(J. Zhang & Jing, 2022).

Management of project and coordination are also challenging in GSD setups as discussed next.
The unprecedented global dispersion of work teams mandates the implementation of sound project
management processes for defining and coordinating work, monitoring progress, and dealing with
interdependencies. Real time collaboration tools and transparency methods are important elements

to manage a GSD project (Tantithamthavorn & Jiarpakdee, 2021).

Another key challenge is to manage cultural diversity. Members of teams from different cultural
backgrounds may have different working styles and attitudes toward authority and approach to
problems. That can cause conflicts and undermine teamwork in the absence of proper management.

Understanding and recognizing different cultures is critical to maintaining harmony in the team.
1.2.6. Case Studies and Examples

Several case studies explain the GSD concept with practical applicability and outcome. IBM has
implemented GSD through the creation of development centers in various countries and tapped
the global talent pool for the purpose of innovation and improving service delivery. Similarly,
Microsoft uses GSD practice in developing and maintaining its large portfolio of software products
using globally distributed teams for the purpose of continued development and support.

(Bodimani, 2021).

The following case studies explain the advantages that GSD presents, including reduced costs,
intensified innovation, and accelerated market entry. Yet, they bring to attention that these
challenges with distributed development are related to communications, coordination, and

managing cultural issues.

11



1.3.Cross-Cultural Issues in GSD
1.3.1. Definition and Importance

Cross-cultural challenges in GSD occur when team members from different cultures interact. Most
of these challenges occur as misunderstandings, including communication styles, views on
authority, approaches towards conflict resolution, and habits at work. In GSD, where teams operate
in different countries, managing cultural differences is essential for the success of such software

development projects. (Ali et al., 2020).

Addressing cross-cultural challenges in GSD is vital for the success of projects. When team
members from diverse cultural backgrounds work together effectively, it can foster creative
solutions, drive innovation, and enhance problem-solving capabilities. However, if cultural
differences are not well handled, they can make the schedule go slow and reduce the productivity
of teams, ultimately threatening the success of a project altogether. This, therefore, calls for
understanding and navigating cultural dynamics to ensure GSD teams can have productive and

collaborative environments (X. Zhang et al., 2024).
1.3.2. Types of Cross-Cultural Issues

Cross-cultural challenges in GSD arise in various forms, and each impacts project management
differently. For example, communication style between two different cultures is a major challenge,
and it varies from one culture to another. While some cultures prefer clear direct communication,
others have a subtle, context-dependent style. These differences lead to miscommunication
because the members of the team are likely to interpret messages according to their cultural norms

rather than taking a full grasp of the intended meaning by the sender.

Attitudes Toward Authority: The way team members interact with their peers and supervisors
also largely depends on cultural perspectives of authority and hierarchy. While in certain cultures,
hierarchical structures with clear lines of authority are upheld, others have more egalitarian
perspectives. These cultural contrasts can substantially induce decision-making processes and how

clashes are delivered within the team.
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Work Ethics and Practices: Cultural expectations on work hours, punctuality, and the balance
between work and personal life vary significantly across cultures. For instance, some cultures are
keen on sticking to schedules to the letter, while others prefer more flexibility in those areas. When
these differences are not managed properly, they become a source of tension in the team, affecting

teamwork and productivity.

Conflict Resolution: Different cultures respond to conflicts in different ways. Some cultures like
direct confrontation and openness in discussion, while others prefer to resolve the conflict more
subtly by avoiding the conflict altogether. These cultural preferences are essential to effective

conflict management and creating an environment of collaboration.

Impact on Software Development Processes: Cross-cultural issues can significantly impact

various aspects of software development processes, including:

Team Dynamics: Cultural differences can heavily impact the cohesion and level of trust within a
team. If misunderstandings and conflict result from cultural misinterpretation, then collaboration

will be weakened, creating a fragmented atmosphere within the team.

Communication and Collaboration: Effective coordination and information sharing require
clear communication in Global Software Development (GSD). Lack of communication due to
cultural differences leads to misunderstandings, delayed responses, inefficient development

process, and the resultant failure of a project.

Decision-Making: Cross-cultural differences sometimes affect the quality or speed of a decision.
Cultures requiring majority consent before deciding to ensure a consensus may create a delay in
reaching the final decision. Other cultures that put emphasis on individual authority make

decisions quickly, sacrificing inclusiveness or broader input.

Project Management: Effective management of cross-cultural teams requires a deep
understanding of diverse cultural norms and practices. Project managers need to be savvy in
navigating these differences so that projects can move along efficiently, with clear communication

and collaboration, and meet deadlines and successful results.

13



1.3.3. Strategies for Managing Cross-Cultural Issues
To effectively manage cross-cultural issues in GSD, several strategies can be employed:

Cultural Awareness Training: Cultural awareness training to team members may help improve
understanding and appreciation of diverse backgrounds in each other. It would be appropriate to
develop more inclusive and collaborative work with training in communication style, conflict

resolution, or work ethics.

Clear Communication Protocols: Setting up clear guidelines for communication reduces
misunderstandings within a team to a considerable extent. It includes specifying the frequency of
communication, stating the preferred channels, and how feedback is to be delivered so that all the

members are on the same page and can work in coordination.

Inclusive Decision-Making: Diverse cultural backgrounds represented by team members when
involved in decision-making processes only enrich it. The approach makes solutions more well-
rounded and suitable for their heterogeneous environment, thereby inclusive and effective in

drawing on unique insights and experiences of each team member.

Conflict Resolution Mechanisms: Implementing structured mechanisms for conflict resolution
can help in addressing the issues efficiently and fairly. This would include the appointment of
cultural mediators or well-defined procedures that detail how disputes might escalate and be

resolved in a manner that respects all people involved.

Regular Team Building Activities: Regular team-building activities are useful in organizing
teams and instilling trust and relationships between individuals in the teams. The result is a more
harmonious and cooperative working team. Team collaboration, good communication, and

friendship are achieved in this way to promote positive teamwork.

Case Studies and Examples: Many case studies describe the impact of cross-cultural issues on
GSD and how effective management techniques help solve these problems. In general, these
examples reveal some valuable insights into the impacts of cultural differences on teamwork,
communication, and even project results and the ways that careful management can counter those

impacts.
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IBM: This, along with programs for overall cultural awareness and an amicable workplace, helped
IBM's GSD teams to successfully work across cultures. It has indeed been a major factor that
improves communication and collaboration among people with different backgrounds. This thus

created a cohesive and productive working environment.

Microsoft: Microsoft uses distributed, globally dispersed teams to develop its software products.
To better address cross-cultural issues, Microsoft stresses clear communication practices, and the
company organizes quite frequent team-building activities that have proven effective in enhancing
productivity, fostering collaboration, and driving innovation across teams from different cultural

backgrounds.

Google: The company effectively managed the cross-cultural team by developing an integrative
culture. It strongly supported remote collaboration; Google used digital tools in achieving cultural
awareness, thereby navigating cross-cultural challenges during its global software development so

that communication and teamwork were ensured among diverse teams.
1.4.Theoretical Frameworks
1.4.1. Introduction to Theoretical Frameworks

Theoretical approaches provide an organized way of understanding and analyzing complex
phenomena, especially within the context of Global Software Development (GSD) and cross-
cultural issues, which have a lot in store with respect to its principles and dynamics that shape
interactions in a multicultural environment to impact the processes of developing software. Using
relevant theories and models, the researchers can systematically research the factors influencing
cross-cultural communication and collaboration as well as conflict resolution, for a more profound

understanding of cultural differences impacting project outcomes (Miraz et al., 2022).
1.4.2. Relevant Theories and Models

Hofstede’s Cultural Dimensions Theory: Hofstede's Cultural Dimensions Theory is considered
one of the better frameworks to understand cultural differences. These dimensions include six ways
through which cultures can vary: power distance, individualism vs. collectivism, masculinity vs.

femininity, uncertainty avoidance, long-term vs. short-term orientation, and indulgence vs.
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restraint. This theory helps in knowing how cultural values shape behavior, communication, and
workplace dynamics. Hofstede's dimensions can be applied to predict potential cultural conflict
and develop strategies for effective management of those to ensure smoother collaboration and the

outcomes of the project.

Trompenaars and Hampden-Turner’s Seven Dimensions of Culture: Trompenaars and
Hampden-Turner present the model of seven dimensions in describing differences between
cultures: Universalism vs. Particularism, Individualism vs. Communitarianism, Specific vs.
Diffuse, Neutral vs. Emotional, Achievement vs. Ascription, Sequential vs. Synchronic Time, and
Internal vs. External Control. It provides a rich view in cultural interaction and is useful to assess
how various kinds of cultural orientations have their impact on team dynamics, communication,
and cooperation. In Global Software Development, such dimensions can hence prove helpful to
teams while handling the cultural differences for greater cooperation and to avert potential

conflicts (Miraz et al., 2022).

Hall’s High-Context and Low-Context Communication: Edward T. Hall's theory divides the
world into high-context and low-context communication cultures. High-context cultures rely on
implicit communication and non-verbal cues, whereas low-context cultures prefer explicit, direct
communication. This is very important in Global Software Development (GSD) because
misunderstandings can arise when team members from high-context and low-context cultures
interact. Recognizing this, the project managers can easily design their communication strategies
to handle team members with different backgrounds in a way that understanding becomes more

effective and co-operation flows smoothly. (Chin et al., 2021).

Social Identity Theory: Social Identity Theory scrutinizes how people categorize themselves and
others into social groups. The membership of groups determines how one perceives himself or
herself and behaves. In the context of GSD, the members of the team might identify themselves
with their cultural groups and that will determine how they interact and collaborate. This theory
explains group dynamics and can be used to come up with strategies that ensure this cohesive team
identity, one that transcends cultural boundaries, fostering greater unity and cooperation among

diverse team members (J. Zhang & Jing, 2022).
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Cultural Intelligence (CQ): CQ stands for an individual's ability to work effectively within
diverse cultural settings. In simple words, it is considered a cognitive, motivational, and behavioral
resource with respect to the ability to understand, adapt to, and act on cultural differences. Stronger
CQ skills are responsible for making team members adopt changeable communication and
behavior so as to suit different types of cultures. GSD also creates the scope for achieving more
effective cross-cultural communication and collaboration through the CQ developed in team

members.
1.4.3. Application of Theories to Cross-Cultural Issues in GSD

The application of these theoretical frameworks to cross-cultural issues in GSD involves several

key steps:

Identifying Cultural Differences: Using frameworks such as Hofstede's Cultural Dimensions and
Trompenaars' Seven Dimensions, organizations can gain insight into the cultural differences within
the team. These frameworks therefore help in showing some insights into different cultural values
and behaviors, thus allowing teams to identify sources of conflict early in the process. This
knowledge allows organizations to set culturally sensitive practices, which may ease interaction
while reducing the degree of misunderstandings and cultivating more collaborative work

environments.

Enhancing Communication: Hall's High-Context and a Low-Context Communication theory
provides insight into communication preferences across cultures. High-context cultures rely on
non-verbal cues and shared understanding, while low-context cultures favor direct, explicit
communication. Knowing these differences allows teams to adapt their communication strategies.
For example, teams working with low-context cultures may focus on clear and concise language,
while those working with high-context cultures may use more subtle, indirect communication and
pay more attention to non-verbal cues, thus having more effective interactions and fewer

misunderstandings.

Building Cultural Intelligence: The development of Cultural Intelligence (CQ) among team
members through proper training and development programs can enhance cross-cultural

interactions. Such programs enhance one's awareness of cultural differences, deepen the

17



understanding of diverse perspectives, increase motivation to engage with individuals from diverse
cultural backgrounds, and provide tools to adapt communication and behavior strategies to
different cultural contexts. Investments in the development of CQ will make teams more inclusive

and collaborative, ultimately yielding desired performance in culturally diverse environments.

Fostering Inclusive Team Dynamics: Social Identity Theory can, therefore, be applied in a very
useful manner to induce a collective identity among the GSD teams. This is achievable through
emphasis on common goals and by organizing teamwork-building activities which will help to
shift their attention from their cultural identities to a collective team identity. With the result that
these individuals are going to reduce intergroup conflict probabilities since they begin to perceive
themselves as a collective unit towards a similar goal. These strategies increase collaboration, trust,

and cohesion, bringing an improvement in the success prospects of GSD projects.
1.4.4. Integration with Predictive Analysis

Applying such theories and predictive analysis would relate to applying Al-driven techniques that
will analyze cultural data, allowing for the prediction of probable cross-cultural challenges within
GSD. ML algorithms could be trained on past project data to identify reoccurrences of patterns
associated with cultural conflicts, enabling teams to predict and address challenges in advance
before they snowball. NLP would enable communication patterns to be analyzed, thus identifying
misunderstandings or misalignment in real time. The combination of these cutting-edge
technologies and cultural theories enables teams to actively manage cross-cultural dynamics with

efficiency and effective results in GSD projects. (Miraz et al., 2022).

The integration of theoretical insights with Al-driven predictive models would enable
organizations to proactively deal with cross-cultural challenges in Global Software Development
(GSD). This hybrid methodology would allow devising specific strategies that could encourage
better communication, cooperation, and project success. This way, teams can make appropriate
process adjustments and approaches so that cultural problems do not cause misunderstandings,
thus ensuring smooth interactions and better efficiency in cross-border software development

projects (Nakao et al., 2022).
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1.5.Research Motivations

It identifies the potential conflicts of cross-cultural issues before they permit to out of control that
can help improve the productivity and coherence of GSD teams. Such issues are managed
proactively with predictive models, thus creating a collaborative and productive work
environment. Its main goal is to make different teams work together well so that they could be

fully exploited (Li et al., 2024).

Another of its important goals is to support the reduction of the delays and inefficient expenditure
caused by the mix of poor communication among individuals from different backgrounds forming
the team. Predicting potential conflict situations and handling them promptly, the research work
aids in developing linear workflows for projects and meeting all the schedules required to be met
for project completion. At the same time, this is believed to enhance the quantities of projects

completed within schedule, while client satisfaction also gets boosted (Nakao et al., 2022).

This study aims at using the latest techniques of Al and machine learning in building predictive
models and real-time tools for managing cross-cultural issues. The idea behind this study is that
when both these technologies are integrated, the outcome can be solutions that are able to identify
early warning signs of conflict and deliver actionable recommendations. It is innovation in the

management of conflict for GSD teams. (Hassan et al., 2023).

This should further include the generation of data-driven insights into dynamics regarding cross-
cultural interactions, from which improved decision-making and strategic project management in
software development can be guaranteed. Detailed analysis of datasets will steer the study towards
the understanding of patterns and trends that shall dictate better management practices. By
applying the evidence-based approach, the solutions must have been created from reliable data;

thus, their impact will increase as it bases on data, facts, and evidence. (Ringeval et al., 2019).

Finally, the study focuses on developing Al-based applications that give real-time
recommendations and interventions to address issues in the most efficient manner possible and
smoothly. It aims at giving constant observation of interactions in teams for immediate feedback

and guidance toward dealing with cross-cultural challenges in a real-time manner as they come.
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This proactivity strategy keeps team harmony and productivity maintained throughout the project

(Mantello et al., 2021).
1.6.Problem Statement

Global Software Development is the teamwork between diverse cultural teams. Some of its
advantages include cost-effectiveness and access to talent from a global market; however, it is one
of the biggest challenges as well. Cross-cultural issues involve communication and work ethics
styles among many more issues, which easily lead to misunderstandings and inefficiencies that
translate directly into the outcome of a project (Li et al., 2024). Current solutions to these problems
are traditionally reactive, not good enough in the kinds of complexity that characterize
multicultural interactions. Therefore, the predictive analysis approaches in GSD that can detect

probable cross-cultural problems ahead of time would be needed.

Al promises much in this regard because it can process large datasets to identify patterns and
predict potential cross-cultural conflicts (Chin et al., 2021). However, the use of Al to predict such
issues in GSD is relatively underexplored. This study aims to fill the gap by using Al techniques
to perform predictive analysis on cross-cultural challenges in GSD (Hassan et al., 2023). It will
identify critical cultural factors, build predictive models, validate those models using empirical
data, and finally lay out a framework that organizations can use to better manage cross-cultural

dynamics and improve the success of GSD projects (Ali et al., 2020).
1.7.Problem Formulations
1.7.1. Predictive Model for Cross-Cultural Conflict Detection

Develop a predictive model to predict early indicators of cross-cultural conflicts in GSD teams
using ML algorithms. Predicting cross-cultural conflicts Using a dataset D with n samples, each
of the features represents team compositions, communication logs, project outcomes, and cultural
backgrounds, we have the set of feature vectors X = {x4, x5, ..., x, } and the set of corresponding
labels Y = {y4, 5, ..., yn } indicating whether there is a conflict or not. The objective is to learn a

function f: X — Y that minimizes the prediction error:
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V=fx0) (1)
where 6 represents the model parameters, and ¥ are the predicted labels.

Objective Function: Minimize the loss function L(Y, 17), which measures the discrepancy

A~

between the true labels Y and the predicted labels Y.

The goal is to develop an ML model that could predict cross-cultural conflicts in software
development teams with reasonable accuracy based on historical data. This kind of analysis of
team composition, patterns of communication, project outcome, and cultural background of the
models can identify potential conflicts in advance so that proactive measures can be taken before

conflicts arise, which would improve team collaboration and project success.
1.7.2. Al-Driven Tool for Real-Time Conflict Mitigation

Design an Al-driven tool that provides real-time recommendations for mitigating cross-cultural
conflicts in GSD teams. The Al-driven tool uses a real-time data stream S from ongoing projects,
including features X, at time t. Let R be the set of recommendations. The objective is to learn a
function g: S — R that provides optimal recommendations to mitigate conflicts and improve team

performance:

R=g(X:d) (2)
where ¢ denotes the model parameters, and R denote the recommended actions.

Objective Function: Maximizing the utility function U(R, X;), which reflects the performance of

the recommendations in conflict reduction and improving team performance.

The key focus is on the design of an Al-based tool to analyze GSD project data in real-time and
come up with recommendations for cross-cultural conflicts. Continuous monitoring of team
interactions and project progress by the tool proposes strategies for improving communication,
aligning work ethics, and harmonizing project requirements. As the tool is real-time in nature,

conflicts are solved immediately, and the team functions more cohesively and efficiently.
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1.8.Research Objectives

This research will attempt to predict and mitigate cross-cultural challenges in GSD teams
using Al techniques. This will help in achieving team cohesion and eventually project

success with innovative data analysis and real-time solutions.

Develop and validate prediction models using ML algorithms to identify early warning indicators

of cross-cultural conflicts in GSD teams.

Aspirational objective. Use Al-based tools to assist diverse work teams in generating
timely decisions on cross-cultural issues and thereby improving communication and co-
operation among diverse work groups.

*Overall data set that integrates the team composition, communication logs, outcomes of
the project, and cultural background will be able to come up with the more in-depth analysis

for constant improvement on the predictive model.

1.9.Research Questions

This study will study whether Al can predict and mitigate cross-cultural issues and address the

most important problems in GSD. Innovative solutions will be considered regarding how to

enhance team dynamics and outcomes in a project.

Which ML algorithms can be used to construct detailed predictive models to capture
precursors of cross-cultural conflict in GSD teams?

Some of the Al-based tools that can be developed to provide real-time advice and solutions
in handling cross-cultural challenges are: These tools are quite effective in enhancing team
communication and collaboration.

What are the details in which concrete patterns and insights can be extracted out of a
holistic dataset that consists of compositions, logs of communication, outcome projects,
and cultural background towards continuous refining and enhancing predictive models and

Al solutions?
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1.10. Research Scope

This research studies the development and validation of predictive models and Al-based tools that
assist in identifying and resolving cross-cultural issues within GSD teams. It includes extensive
data gathering structures of teams, records of communications, project results, and cultural
backgrounds of the individuals involved. Through predictive machine learning algorithms
combined with data mining techniques, some priceless insights into the conflicts can be uncovered.
The study further covers the formulation of Al-based real-time tools providing insights for
operational guidance about the management of cross-cultural relationships, thereby enhancing

team cohesion and project success in the context of GSD.
1.11. Research Contributions

This thesis will contribute towards GSD literature by developing predictive models and Al-driven
tools to identify cross-cultural conflicts early and remove them so as not to hinder team cohesion

and project success.

e Development of a comprehensive dataset that includes detailed information on team
compositions, communication logs, project outcomes, and cultural backgrounds specific to
GSD.

e C(Creation and validation of ML models that accurately predict early indicators of cross-
cultural conflicts, allowing for proactive conflict management.

e Design of Al-driven tools that provide real-time recommendations for managing cross-
cultural issues, tailored to the specific dynamics of software development teams.

e Implementation of data mining techniques to uncover meaningful patterns and insights
from cross-cultural interactions in software development projects.

e Integration of predictive models and real-time Al-driven tools into a cohesive framework
that enhances the effectiveness of GSD teams.

e Evaluation of the impact of the proposed solutions on team cohesion, communication

efficiency, and overall project success, providing empirical evidence of their effectiveness.

23



1.12. Limitations
The research has several limitations that should be considered:

Synthetic Data: This dataset was artificially generated using the assumption of some distributions
and relationships. Even though this research attempted to make data appear realistic, it cannot

capture all the complications in real life.

Feature Limitations: I included existing features into the dataset on grounds of literature and
practice, and yet there is every indication that other pertinent features, not included, could possibly

cause a deviation of accuracies when predicting.

Model Generalization: Models have been trained and tested using the synthetic dataset; hence,
generalization to other contexts or real-world datasets is unknown and additional validation on real

data would be needed.

Temporal Analysis: While a time-related feature was incorporated to simulate performance over
time, the temporal analysis was constrained. More detailed research is needed to fully understand

the time-based dynamics involved.
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2. LITERATURE REVIEW

This chapter conducts a systematic literature review of predictive analysis of cross-cultural issues
in Global Software Development (GSD) with Artificial Intelligence (Al) techniques. GSD projects
are often characterized by teams with diverse cultural backgrounds that present different
challenges in terms of communication, collaboration, and coordination. As Al technologies make
their appearance in the world of software engineering, so do the questions about the way Al is to
be used to leverage cross-cultural problems and then enhance project performance. To lead up to
the review of the literature, introduce its scope and objectives using emphasis on why it needs to
investigate Al and how it's interconnected with dynamics in software cross-cultures. The book
chapter tried to comprehensively synthesize the existing knowledge by summarizing valuable
insights regarding the current state of knowledge, indicating key gaps in research, and suggesting

possible avenues of work towards advancing predictive analysis in GSD.
2.1. Related Work
2.1.1. GSD

An appropriate search strategy was employed, with attention to several reliable databases that
included IEEE Xplore, ACM Digital Library, and Google Scholar. The key words used in the
search were "Al in software development," "cross-cultural issues," and "predictive analysis in
GSD." Inclusion criteria for the studies were defined very strictly. The studies included only peer-
reviewed articles published from 2015 to 2024. Not-in-English publications or non-empirical
studies are beyond the scope of review. Studies were taken under detail analysis, and relevant data
were pooled together to synthesize a comprehensive overview for the readers. The rigorous process
excludes low-quality studies but still relevant studies into one solid foundation for analyzing the

research status in this area now.

GSD has significantly transformed over the past decades, mainly from the increased usage of
geographically distributed teams involved in developing software. Feldt and De Oliveira Feldt et
al. (2018) identified the trend for various kinds of applications in using Al for software engineering
work and mentioned that ML and NLP are being used on increasing numbers for tasks of managing

projects and for improving quality in code. In their study, they underscored that good
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communication and coordination are the backbone of any GSD, as Al tools can help mitigate some
issues that are commonly experienced in such environments. It showed how Al can perform routine
tasks, generate predictive analytics that can estimate project timelines, and assist in more informed
decision-making. Additionally, Al value was placed in risk-prone and potentially bottleneck spots

at the earliest stage to have better outcomes for a project.

Cross-cultural issues in GSD have frequently been reported and often reflected in practice,
communication problems, and time-zone challenges. According to Ringeval et al. (2019), cross-
cultural recognition of affect and the state-of-mind detection in the context of Al shows that Al
methods can perfectly identify the cultural nuance in emotional expression. Its study led to the
conclusions that Al was going to play a central role in breaking cultural divides through enhanced
understanding and permitting answers much more responsive to changing contexts. Audio and
video information from real life was used to better comprehend advanced algorithms in machine
learning that allow detection of fine emotional cues otherwise missed in observers. Results
Conclusion The results showed how Al could ensure better virtual team interactions through real-
time feedback and more empathetic communication that can reduce misunderstandings and

enhance the closeness of the teams.

Al techniques have been applied to each dimension of software development from code generation
up to project management. Ozpolat et al. (2023) researched the integration of ChatGPT in the
process of software development. It was concluded that it can significantly improve the efficiency
of code documentation and debugging processes. The authors' findings were that not only did Al
tools like ChatGPT improve productivity, but also reduced the cognitive load for the developer so
they are inclined to work more effectively within cross-cultural teams. ChatGPT was shown to
provide verbose code comments, assist developers in troubleshooting by providing related
suggestions, and help teammates share knowledge. Such functionalities were extremely useful in
GSD environments. There, the team members can have different expertise and coding practices,

so it makes the process of development simpler and standardized.

Ekechi et al. (2023) cross-country evaluated the Al-powered chatbots supporting customers in the
USA and in the UK, with a view to user satisfaction. The evaluation revealed that users in the two

countries reported high satisfaction due to the timely and correct responses from the chatbots. Such
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results reflect the ability of Al to develop customer care functionality in software development,
which means equal communication and efficiency without anything to do with cultural origin. The
researchers used those tools to analyze the performances of chatbots and experiences made by
users using surveys and analyzing user's responses. Thus, they ended up with a conclusion, that is,
the capabilities of the chatbot: it could address a scope that was wide and had amazing user
interaction. This implies that other applications of Al, in GSD projects, might be useful for intra-
team support and client communications, as well. It also highlighted the problem of continuous
improvement and localization of Al systems in a way that they could effectively operate in diverse

contexts meeting cultural needs and expectations.

This emerging interest in XAl within the field of software engineering is perceived as giving
emphasis to transparency and interpretability of AI models to be used in software development.
Tantithamthavorn and Jiarpakdee (2021) also conducted research about how the use of XAl in
software engineering could present developers with much more vivid way in which Al decision
explanations are delivered such that it increases their trust and understanding of the Al system.
Their study found that explainable Al techniques, such as decision trees and rule-based systems,
enabled developers to understand why the Al-recommended something. This feature was
especially helpful in debugging and optimization activities since insight into the functioning of the
decision-making process of Al can lead to more effective solutions. The researchers established
that inserting explainable Al into software development workflows enables the availability of Al
outputs accessible and understandable to all, regardless of the technical depth of knowledge in a

culture-diverse team, increasing collaboration within a culturally diversified team.

In non-human resource management, Mantello et al. (2021) applied Bayesian analysis to explore
attitudes toward Al-driven management systems, factors associated with the socio-demographic
and cross-cultural sectors, and differences in the acceptance and trust of Al managers across
various cultural contexts. For instance, readiness to trust Al-driven management was less from
employees coming from high uncertainty avoidance cultures, while the latter showed positive
attitudes from high technological readiness cultures. The findings of this research therefore
brought out the cultural dimensions integrated into the implementation of Al systems in GSD

environments. Therefore, the results showed that the accommodation of AI management tools
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towards their preference in culture would improve their acceptance and effectiveness, hence

making cross-cultural collaboration quite smooth to eventually improve the project outcomes.

Martinez-Fernandez et al. (2022) performed an extremely detailed review of the current state of
software engineering in Al-based systems, indicating specific issues and challenges in this area.
Certain areas where Al can be applied for making the software development process better were
also indicated in their review, such as automation in testing, code generation, and predictive
maintenance. The study has however shown critical challenges for the integration of Al in the
traditional software engineering practice. These researchers pointed out the necessity for the
existence of a specialist's skills and the complication about determining the reliability and fairness
of the Al model. The researchers then indicated the need to build standardized methodologies and
tools for smoothing out the integration of Al with the workflows in software engineering. In so
doing, Al can contribute greatly to improving the effectiveness and the quality of development in
international settings where a mixture of different cultural teams collaborates for well-coordinated

results.

Nakao et al. (2022) studied the concept of interactive human-in-the-loop Al fairness, which is
aimed at engaging end-users in the development process of Al to generate fair and unbiased results.
Their study proved that engaging feedback from different user groups could be useful in
discovering and addressing biases in Al models, which in turn will result in more equitable and
inclusive systems. This is most pertinent in GSD where there are significant cultural differences,
bringing to the table a whole plethora of different perspectives and possibly different biases. The
researchers suggested an integration framework for end-users in the Al development cycle: regular
feedback sessions, transparency in Al decision-making processes, and iterative model adaptation
in response to user needs. In doing so, it particularly underlined the necessity of an Al development
culture that actively involves diverse cultural backgrounds and hence aims to enhance Al systems

towards effectiveness and fair applicability within different contexts.
2.1.2. AI Techniques in Software Development

Li et al. (2024) designed Culture Park as a new idea to enhance cross-cultural understanding of
large language models. It was found in the experiment that the incorporation of cultural knowledge

into Al models dramatically enhanced the accuracy and relevance of Al-generated content on
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diverse cultural contexts. Culture Park utilized multi-phase training using cultural data from
different places to allow better recognition and adaptation of cultural nuances by the Al when it
used language. The researchers then found that the method improved the language model
performance when cross-culturally communicated, but at the same time reduced the cultural bias
and errors that may arise in miscommunication. This is an important development towards Global
Software Development where coordination among distributed teams requires considerable

communication and cultural sensitivity.

Iftikhar et al. (2018) discussed in their state-of-the-art review the soft computing techniques
applied to Global Software Development (GSD). They highlighted how techniques such as fuzzy
logic, genetic algorithms, and neural networks are versatile enough to aid in overcoming the
inherent complexities and uncertainties associated with GSD. The review suggested that soft
computing techniques could go a long way in strengthening decision-making processes,
optimizing resource allocation, and managing risks in GSD projects. The authors further discussed
how these techniques could be used to provide adaptive and flexible solutions that fit diverse
cultural preferences and work practices in support of better cross-cultural collaboration. The
findings implied that soft computing-based methods could be applied in order to yield more
efficient and effective project outcomes within the context of GSD, thereby leading teams across

diverse cultural and organizational boundaries to overcome the myriads of challenges.

Arpaci et al. (2015) conducted a cross-cultural comparison of smartphone adoption in
organizations in Canada and Turkey. The approach toward the integration of technology between
the two cultures was different. Canadian organizations are more likely to embrace smartphones for
professional purposes, which is based on the culture of technological readiness and innovation.
Turkish organizations, on the other hand, embraced new technologies with caution. Their actions
were determined by such factors as social norms and organizational hierarchy. Here, it validated
that with the development of any new technology, during the developing process, concern
regarding cultural attitude towards the developing technology should be kept in sight in GSD. If
strategies are matched by following cultural predispositions, then adoption processes can be made
more ease through which productivity in crossing borders of cultures increases among the

organizations.
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Bodimani (2021) talks about how software engineering improves at an incredible rate due to
advanced Al techniques; it discusses how Al could revolutionize traditional methodologies for
development. There are crucial areas where Al is critical: code generation through autonomic
systems and the predictive analytics to detect bugs; develop intelligent project management tools.
This Bodimani study reported that all these Al-informed innovations result in rapid cycles of
development, software of better quality, and the effective utilization of available resources. The
paper further elaborated on the feasibility of Al to contribute in making cross-cultural collaboration
stronger with tools that aid the overcoming of communication barriers and accommodative work
practices. Incorporating Al into software engineering practices will enable organizations to achieve

greater agility and responsiveness in GSD projects.

Saklamaeva and Pavli (2024) analyzed whether Al-driven assistants in the context of scaled agile
software development can help assist with teamwork coordination and management. The authors
showed that using Al-driven assistants, routine tasks like backlog prioritization and sprint planning
can be automated so that the members have more time for strategic work. They have found that
these assistants improve communication within agile teams, especially in large-scale projects
where coordination among so many teams is actually crucial. Real-time insights and predictive
analytics help teams foretell potential bottlenecks, enabling them to make proactive changes to
their plans. In conclusion, this study would determine that the scaled agile framework involving
Al-driven assistants would significantly improve productivity and cooperation because of cross-
cultural settings that place added challenges whenever communication styles and practices in work

differ.

Ali et al. (2020) tried to utilize ensemble methods based on ANN to analyze multicultural facial
expressions to achieve better accuracy in the recognition of subjects' emotions across different
cultures. Their study revealed that indeed, the ensemble-based approach based on multiple ANN
models captures subtle variations in facial expressions in terms of cultural influences. It
outperformed traditional single-model approaches by detecting the emotional states with greater
accuracy and sophistication. The research will find applications in GSD environments because this
can facilitate team communication, improve teamwork, and minimize conflict, thus better

understanding team members' emotional states is necessary for all such processes. It makes
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organizations provide an empathetic, more cohesive workplace and help overcome cultural divides

that will increase overall project performance.

Bartel-Radic and Giannelloni (2017) proposed a new avenue for the measurement of cross-cultural
competence combining personality traits and cross-cultural knowledge. Individual differences in
personality should be well understood, and how these traits have an impact on someone's ability
to navigate cross-cultural interactions. The study showed that openness to experience and
emotional stability were among the strong predictors of cross-cultural competence. Cross cultural
knowledge especially about familiarity with the do's and don'ts of other cultures as well as the
practices works to enhance one's capacity to work effectively in multicultural teams. In the context
of GSD, such insights prove quite valid since cross cultural competence is important for
collaborating in a successful manner. Adding personality trait assessments and focused cross-
cultural training will prepare the members of the team to deal with complexities in multiculturally

charged environments and work effectively in cooperation.

Zhang et al. (2024) conducted a systematic literature review and science mapping for analyzing
the impact of Al on perceptions of organizational justice and project performance. Therefore,
authors concluded that using the technologies of Al, the open and fair nature of an organizational
justice perception will get a positive boost during all course decision-making processes. This is
because performance evaluation and resource allocation algorithms would be less biased against
employees and treat all people equally. Furthermore, enhanced organizational justice was also
related to a higher level of project performance because motivated and involved employees are
those who perceive their environment as fair. Therefore, findings explain how Al cannot be applied
only to make software development better technically, but it can also foster the creation of
organizational culture in GSD. Here again, Al-driven practice within the team would make all such
a team practice equity and transparency, thereby upsurging morale and, eventually, productivity in

that environment.
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Arenas-Gaitéan et al. (2011) cross-culturally analyzed use and perceptions of web-based learning
systems, where the importance of differences in the use and perception of these learning systems
across cultures has been well presented. Such a study suggested that some cultural factors, such as
individualism versus collectivism and power distance, really have major influences on the
preference and satisfaction with web-based learning among its users. For instance, collectivist
culture users preferred collaborative features and community support, while individualist culture
users preferred self-paced learning options and independent learning choices. Such findings are
critical for the design of web-based learning systems that cater to diverse cultural preferences in
terms of improving user satisfaction and engagement. The understanding of such differences helps
guide the designs and implementation of training and developmental programs within multicultural

teams involved in GSD, thus ensuring ease of knowledge transfer and skill build-up.
2.1.3. Predictive Analysis in GSD

Miraz, Ali, and Excell (2022) conducted a cross-cultural usability evaluation of Al-based adaptive
user interfaces for mobile applications, which captured differences of large magnitudes between
user preference and experience in various cultural contexts. The subjects were from diverse
cultural backgrounds, and the method involved usability testing along with analysis of user
feedback. Users with various cultural backgrounds had varied preferences regarding interface
design, navigation, and functionality. For example, a Western culture user preferred an extremely
customized and controlled interface whereas users with an Eastern culture wanted the interface to
be as simple yet easy to use as possible. This research calls for culturally adaptive Al interfaces,
which can change dynamically with respect to user preferences for both usability and satisfaction.
These insights are of prime relevance in the context of GSD, where designing interfaces to suit

diverse cultural needs could lead to improved user experience and adoption rates.

Grossman et al. (2021) contrasted cross-cultural perspectives by comparing practices in the Middle
East and the United States. It came out showing quite a difference in both regions' perceptions and
the implementation of collaboration. Cooperation in the Middle East generally tended to be more
relationship-oriented and more hierarchical compared to the United States; it was mostly based
much on trust and personal relationship. In the United States, collaboration was more egalitarian,

and task focused, valuing efficiency and clear communication. These cultural differences surfaced
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in team dynamics, decision-making processes, and conflict resolution. The researchers suggested
that such cultural nuances are critically important for fostering effective collaboration in
multicultural teams. Their findings are significant because they involve cross-cultural
collaboration within the global software development context. With all this recognition of
differences in cultures, organizations can improve teamwork cohesion and therefore ensure

successful projects.

Paul and Girju (2009) used mixed collection topic models on the blog and the forum to be able to
analyze cross-cultural variations in online communication. And it is found to have thematic
patterns and types of communications in various cultural groups, like, for example blogs and
forums related to Western culture tend more towards individual expression or opinions whereas
those related to the Eastern cultures tend toward community or collective experience. It will be
demonstrated that topic models are effective in capturing such cultural variations and that insights
derived from such models are useful in understanding how different cultures interact with online
content. Such knowledge is crucial for global software development (GSD), where collaboration
and knowledge sharing are frequently done through online communication tools. Tailoring the
communication approach to the individuals' cultural preference will enhance engagement and

facilitate the knowledge transfer process among diverse members of the team.

Jain (2011) reviewed the interface between software engineering and Al, which focused on where
Almight change the classical approaches to software development. The review indicates that many
significant areas exist where Al approaches such as ML and NLP can be applied towards enabling
more power in the process of software engineering, including auto code generation and testing,
testing optimization procedure, and even prediction analytics for project management. Jain’s
research has also covered an overview of incorporating Al in software engineering. This would
cover some of the issues that come along with it, such as reliability and interpretability of the Al
model. In conclusion, despite the many challenges involved, the benefits in using Al to incorporate
software development are well apparent. This is expected to lead to more efficient and effective
processes in development, especially in terms of software development in global environments

where teams face technical and cultural complexities in their way.
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Kankanhalli, Tan, Wei, and Holmes (2004) have researched the cross-cultural differences in the
values of information systems developers. The result indicates how cultural backgrounds impact
the attitudes and behaviors of developers. It shows significant variations in values across different
cultural contexts and has a huge impact on decision-making processes, teamwork dynamics, and
project management practices involved in software development. Developers of individualistic
cultures put their emphasis on autonomy and achievement more than the developers from the
collectivist cultures, who put the greater emphasis on the harmony of a group and its integration.
Even differences in cultural orientation show up in communication style, conflict resolution
mechanisms, as well as leadership in distributed development teams. This will imply
understanding and reconciling the differences on such cultural matters, with which one needs to

be able to have an open collaborative environment and to do much better on the GSD projects.

Hassan et al. (2023) conducted a review on applying machine learning techniques for risk
prediction in global software development. The study synthesized the existing literature on ML
applications in predicting risks in software projects, regarding the advantages and disadvantages
of adopting these techniques across cultures. It has identified several ML algorithms and common
risk factors, including project complexity, team dynamics, and technological uncertainties, used in
the risk prediction models. Moreover, researchers have investigated the effects of cultural
differences on risk perception and mitigation strategies to illustrate the need for culturally sensitive
risk management practices. Such conclusions made by them were with reference to the need to
utilize the potential of ML in pro-actional terms to identify those risks that may emerge to destroy

GSD projects and instead increase the success probability through risk mitigation.

Ratana et al. (2019) conducted an extensive review of computational approaches for the automatic
prediction of schizophrenia, particularly focusing on indigenous populations. The study compiled
and synthesized research studies on ML algorithms and computational techniques in early
detection and prediction of schizophrenia, as well as challenges and opportunities presented by
using such methods in diverse cultural settings. Predictive markers and risk factors were identified,
along with genetic predisposition to schizophrenia, environmental stressors of various kinds, and
more recently, social determinants of health. Cultural factors were also examined in reference to
the effects on presenting symptoms and help-seeking behavior, suggesting that culturally

competent approaches are necessary for modeling schizophrenia prediction. According to their
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results, they should incorporate cultural considerations into the development of predictive models,
their validation, and their work with indigenous populations from different cultural backgrounds

and healthcare requirements.

Iftikhar et al. (2018) conducted a survey on the application of soft computing techniques in global
software development or GSD, which demonstrated that all these techniques can be used in
software engineering processes, no matter how different they are, in handling their complexity and
giving an overview of approaches made through fuzzy logic, genetic algorithms, and neural
networks that have been used in requirements engineering, project management, and quality
assurance activities. The researchers proved the benefits of soft computing in handling
uncertainties, imprecise data, and dynamic environments commonly found in GSD projects.
However, they also addressed some challenges when these techniques are applied to cross-cultural
contexts, indicating the need for soft computing methods to be adapted according to cultural
preferences and work practices of various development teams. Such insights also become priceless
in helping improve efficiency and effectiveness in GSD projects, as well as cross-cultural

collaboration.
2.1.4. Cross-Cultural Predictive Analysis

Padmanaban and Sharma (2019) published a state-of-the-art review on the implications of Al in
SDLC by exploring various stages at which Al technologies may be utilized to enhance efficiency
and effectiveness. They identified several critical areas within the SDLC including requirement
analysis, design, development, testing, and maintenance. In these areas, Al techniques, for example
ML, NLP, and automated reasoning, are likely to be applied. For instance, during requirement
analysis, Al tools aid in elicitation and analysis of user needs like automating the collection and
prioritization of requirements. As the development process goes on, Al-based code generation and
optimization tools will ease the process of code writing and shorten the time required for the
development process while at the same time boosting the quality of the code. The review, however,
brought out two limitations of how Al is integrated into the SDLC: the necessity to have large sets
of data to train AI models and problems of model interpretability and explainability. The review

thereby emphasized that Al has all the transformative potential to reshape the traditional software
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development practices significantly while improving the quality and efficiency of the software

product.

Zhang and Jing (2022) investigated the application of Al technology to reduce the difficulty in
cross-cultural communication about ICH. They approached how Al tools in machine translation,
sentiment analysis, and cultural recognition systems could remove linguistic and cultural barriers
towards enhancing the achievement of better communication as well as dissemination of ICH
contents across diverse cultural settings. For example, Al translation engines can take ICH
materials and translate them in multiple languages, thus making it possible for many more people
around the world to have access to it. Algorithms performing sentiment analysis will monitor
audience reaction and preference; this is how content providers can produce the right message
which will attract a better response to various cultural sensitivities. This study finds that Al
technology will play an important role in safeguarding and promoting ICH to foster greater mutual
understanding and appreciation among people from different cultural backgrounds in this

increasingly interconnected world.

Shadiev and Huang (2020) assessed the impact of technological support, cultural constructs, and
social networks on learning experiences in cross-cultural online contexts to identify the roles
technology, culture, and society play in determining learner experience in multicultural learning
settings. With a mixed-method approach including quantitative surveys combined with in-depth
interviews, this mixed-methods research delves deep into the complexities surrounding both
technology use and cultural as well as social aspects found in online learning settings.
Technological support, including multimedia resources and collaborative tools, had a great
influence on learners' engagement and satisfaction in online cross-cultural courses. Cultural
constructs, including individualism-collectivism and power distance, also shaped the learners'
preferences and behaviors. Information sharing, emotional support, and cultural exchange among
learners from different backgrounds were important channels through social networks. Thus, the
study underscored a need for designing culturally sensitive online learning environments which
take advantage of the favorable potential of information technology in facilitating cross-cultural

interactions and improving collaborative learning experiences.
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Qiao and Zhou (2022) describe how Al technology impacts the external communication of Chinese
ethnic cultures. The research discusses how Al can be used to improve the international promotion
of Chinese cultural heritage and identity. Their research focused on how different Al technologies
would be applied, such as a VR tour of a cultural site, Al content created about traditional customs
and practices, and personalized experiences based on the user's interest. For instance,
recommendation systems powered by Al can be integrated into the curation of cultural content for
different users with varied preferences and backgrounds, making the experience immersive and
memorable to a diverse audience. In addition, Al-based language translation and cultural
adaptation tools can break across the linguistic and cultural barriers dividing Chinese ethnic
cultures from those of other backgrounds. Al has a transformative potential that will ensure the
preservation and promotion of cultural heritage through enriched cultural exchange and foster

mutual understanding and respect for cultures across the globe.
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Table 2. 1.

Comparative Table or Previous Studies

Reference Technique Contribution Limitations Outcomes
(Martinez- Survey-based = Review of software Limited Insights into the
Fernandez et approach engineering for AI- coverage of current state of
al., 2022) based systems recent software
advancements engineering for Al
systems
(Li et al, CulturePark, Boosting  cross- Ethical concerns Improved  cross-
2024) large language cultural regarding data cultural
models understanding privacy communication and
using Al understanding
(Bodimani, Al-driven Potential of Al in Lack of wuser Improved
2021) assistants scaled agile acceptance efficiency and
software testing collaboration in
development agile development
(Bartel-Radic = Personality Renewed Limited Proposed
& traits and cross- perspective on generalizability  framework for
Giannelloni,  cultural measuring cross- of findings assessing Cross-
2017) knowledge cultural cultural competence
competence
(Grossman et Cross-cultural =~ Comparison of Cultural bias in Identified cultural
al., 2021) perspectives on = collaboration data differences in
collaboration dynamics between interpretation collaboration styles
the Middle East
and the United
States
(Paul & Integrating Understanding Lack of Proposed
Girju, 2009)  neuroscience cross-cultural empirical studies interdisciplinary
and  cultural differences through approach for
psychology cognition and studying Cross-

perception analysis

cultural differences

This comparative Table 2.1 provides a concise overview of the selected references, highlighting
their respective techniques, contributions, limitations, and outcomes in the context of predictive

analysis of cross-cultural issues in GSD using Al techniques.
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2.2.Research Gap

Despite the numerous research activities in the application of Al to GSD, there are still open gaps
and opportunities for further research. One such open gap is in the way Al technologies interact
with the cultural factors in the process of software development (Tam et al., 2018; Yari et al., 2020).
Although several studies have explored cultural influences on human-robot interaction, cross-
cultural communication, and learning, there is little research on how cultural diversity impacts Al-
enabled software engineering practices. Another area for exploration would be the ethical and
societal implications of AI adoption in multicultural contexts, including issues related to
algorithmic bias, privacy concerns, and digital divide. There is also a demand for empirical studies
to validate effectiveness and scalability in real-world GSD environments of Al-driven solutions.
These research gaps extend beyond advancing this theoretical understanding of Al in GSD but also
inform practical strategies toward leveraging Al to tackle the diverse needs and challenges of

multicultural teams and stakeholders.
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3. METHODOLOGY

This chapter addresses the research methodology used within this study to explore and predict
cross-cultural challenges in Global Software Development (GSD) using Al-based techniques. It
describes a structured process for data collection, research design, analytical methods applied, and
machine learning models utilized in predicting future trends. For the sake of clarity in a replicable
methodology that supports academic inquiry and practical applications regarding management of

cross-cultural issues in GSD.

The discussion on research design was undertaken in depth. It goes on to elaborate how the process
of gathering data regarding the techniques followed to identify and analyze trends was conducted.
Further elaboration in this respect includes machine learning models applied during the study to
disclose details regarding the training process of such models as well as metrics used for evaluating
their performances. This methodology forms the basis from which predictive models have been
designed to predict cross-cultural issues likely to occur in GSD, thus ensuring a more profound

method for pointing out potential challenges in GSD projects.

Consequently, this study aims to combine statistical and machine learning approaches toward
improving the effectiveness and success of multicultural teams in developing software for

successful management and conflict resolution across cultures.
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Figure 3.1. Research Methodology

3.1. Research Process

The research approach of this study is a hybrid approach that combines both qualitative and
quantitative approaches, mainly using predictive analysis with the application of machine learning
techniques. Data is collected from global software development projects, and then several steps
are followed, which include data preprocessing, the selection of relevant variables, and trend
analysis. Once data is prepared, various regression models are applied to predict potential cross-

cultural challenges. The final step is to estimate the models in terms of any standard evaluation
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metrics to verify whether the models are accurate and can indeed be deployed in forecasting cross-

cultural issues.

3.2. Research Design

This research study uses an experimental design that combines both historical data and live
interactions from global software development teams. The objectives of this paper are to identify
trends and patterns that indicate possible cross-cultural conflicts, which then are applied in
formulating predictive models using machine learning techniques. Such models have been
validated through empirical testing, and it is also done comparatively; the ability of various

regression models to predict cultural conflict within GSD teams has been estimated.

3.3. Data Acquisition

This study needs data collection. The data collected in this study consists of datasets of various
GSD projects across the globe. These datasets include details on team composition,

communication logs, cultural backgrounds, and outcomes of these projects.

3.3.1. Datasets

The datasets used in this research are both structured and unstructured, which were obtained from
historical records of global software development projects. Such key factors as team compositions,
cultural dimensions like Hofstede's indexes, communication patterns, project success rates, and

outcomes of conflict resolution are reflected in these datasets.

This study incorporates a few features necessary to predict potential cross-cultural issues within
GSD teams. These features involve demographic and behavioral aspects of the team members as
well as project-related metrics. The dataset was designed based on an understanding from the

literature as well as practical considerations regarding its relevance.

In Figure 3.1, the correlation matrix expresses the relationship between the features that was
studied. The values associated to the correlation coefficient between paired variable range
between -1 to 1. When such value is close to +1, then there should be strong positive association
between a pair of variables. At the same time, since the value is close to -1, then their association

is negative and must be strong as well. This is a minimal or zero linear relation that has an
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approximate value of 0. The matrix cells are color-coded in different shades to represent the
correlation strength and direction. While the red hues are positive, the blue hues are negative, this

shade intensity has a direct correlation with the magnitude of the concerned correlations.

Correlation Matrix of Features
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Figure 3.2. Correlation Matrix of Features

Figure 3.2 show the distribution of team satisfaction scores across projects or configurations of
teams. The x-axis is the range of satisfaction scores, and the y-axis represents the frequency of
occurrences for each score range. An overlay of a kernel density estimate (KDE) is also provided

to give a smooth curve representing the probability density of the data.
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Figure 3.4. Box plot of features

Figure 3.3 visualizes the distribution and spread of two different features within the dataset. Each
box represents the interquartile range (IQR) of the data, with the line inside the box indicating the

median of the distribution. The "whiskers" extending from the boxes show the range of the data,
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excluding outliers, which may be represented by individual points beyond the whiskers. The left
box plot shows a feature with a relatively symmetrical distribution around the median, with a
comparable range in both the upper and lower quartiles. The right box plot, however, indicates a
slightly different distribution, possibly with more variability in the upper quartile compared to the

lower quartile.
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Table 3. 1. Data Structures and Features

Feature Name

Description Type Range/Values
Num_Team_Members Number of team members in the project Integer 3-20
Cultural_Diversity Index Index representing the cultural diversity of the Float 0-1
team
Experience Levels Average experience level of the team members Integer 1-5
Communication_Frequency | Number of communications exchanged per week | Integer 10-100
Sentiment_Scores Sentiment score of the communication messages | Float -1to 1

(ranging from negative to positive)

Language Barriers Number of different languages spoken within the | Integer 1-5
team

Project_Success Binary indicator of project success (0: Failure, 1: | Binary 0,1
Success)

Conflicts_Resolved Number of conflicts resolved during the project Integer 0-10

Team_Satisfaction Average satisfaction score of the team members Float 0-10

Power_Distance Hofstede's power distance index of the team Float 0-100
members

Individualism Hofstede's individualism index of the team Float 0-100
members

Masculinity Hofstede's masculinity index of the team Float 0-100
members

Uncertainty _Avoidance Hofstede's uncertainty avoidance index of the Float 0-100

team members

Long_Term_Orientation Hofstede's long-term orientation index of the Float 0-100
team members

Indulgence Hofstede's indulgence index of the team members | Float 0-100
Time Time-related feature to simulate performance DateTime | Dates (2021-
over time (used for temporal analysis) 2023)
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3.3.2. Justification of the Time-Series Variables Examined

Time-series data is very important for predicting trends over time, especially when analyzing team
dynamics and cross-cultural conflicts. The key variables tracked include communication
frequency, sentiment analysis scores, and team satisfaction at regular intervals. It is possible to
observe how these factors evolve throughout the course of a project. This can assist in identifying
patterns and shifts toward issues or areas needing improvement such that proactive changes may

enhance the performance of a group of people and even help to potentially prevent conflicts.

3.3.3. Variable Selection Analysis

The variable selection process was guided by the amalgamation of existing literature and
knowledge in the field from experts. The key variables include cultural diversity indices, frequency
of communication, and sentiment analysis scores, as these have been found to relate directly with
the prediction of cross-cultural conflicts. Correlation matrices have been used in evaluating the
strength of these relationships and showed how some factors interact and influence each other to

grasp a better understanding of their collective influence on team dynamics.

3.4. Techniques for Analyzing Trends

Statistical methods of different types helped deduce trends from the available data to indicate
valuable trend lines showing the evolution that a cross-cultural conflict undergoes over time. Such
analysis benefits not only in understanding better how these conflicts develop, but it also helps
analyze them efficiently to determine strategies for both its prevention and resolution, for having

healthier team dynamics.

3.4.1. Bootstrap Analysis

Bootstrap analysis is employed for the purpose of analyzing variability within the dataset and
building up confidence intervals for the predictions of the model. With repeated resampling, this
methodology facilitates an assessment of the reliability of the model and provides a very robust

measure of its performance for different scenarios.
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3.4.2. Implementation of the Techniques

All trend analysis methods were done on statistical software like Python and R. These powerful
tools facilitated quick processing and visualization of the data, which made easier detection of
patterns and anomalies within the dataset and yielded clear insights into the trends under

consideration.

3.5. ML Techniques for Forecasting Future Trends

Regression models, the most basic of machine learning concepts, were used in forecasting future
trends in cross-cultural challenges within GSD teams. The models analyze historical data to predict
potential issues that are likely to arise and thereby help teams address problems early on before

they become significant.

3.5.1. Overview of All Regression Models

Different regression models were used including Linear Regression, Ridge Regression, Lasso
Regression, Decision Tree Regressor, and Random Forest Regressor. All these were selected based
on their respective strengths in dealing with the complexity of data, providing clear interpretability
for the result. These models were further optimized for getting the best performance while making

predictions of team satisfaction using the above features.

In selecting these models, several factors have been considered: the nature of the data, specific
research objectives, and perhaps the problem at hand. Some of the key considerations guiding the

choice of models include:
i.  Linear Regression:

e Simplicity and Interpretability: Linear regression is a very easy algorithm to
implement and grasp. It gives a proper view of how the features are related to
the dependent variable, hence ideal in understanding basic relationships in data.

e Baseline Performance: It serves as a reliable baseline, allowing for easy
comparison with more complex models and helping assess whether more

advanced methods improve performance.
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Efficiency: Linear regression is computationally efficient, making it suitable
for scenarios where the data is linearly separable or when the relationship

between variables is nearly linear.

ii.  Ridge Regression:

Handling Multicollinearity: It addresses multicollinearity issues, which occur
in situations where independent variables are very highly correlated among
themselves. For such situations, ridge regression makes the magnitudes of
coefficients smaller so that it generalizes to new data.

Bias-Variance Trade-off: Ridge regression helps strike a balance between bias
and variance, which can lead to improved prediction accuracy by preventing

overfitting or underfitting.

iii.  Lasso Regression:

Feature Selection: Lasso regression goes ahead of regularization by
simultaneously being a feature selector. Shrinking some coefficients to zero
contributes to a more streamlined model without many variables, which
improves on model interpretability and possibly reduces the risk of overfitting.
Handling High-Dimensional Data: Lasso regression is helpful in datasets with
more features, and it detects the most important variables. It also helps to
include only those variables in a model which improve the model's performance

and make the model less complex.

iv.  Support Vector Machines (SVM):

Non-linearity: Support Vector Machines (SVM) utilize kernels, such as the
Radial Basis Function (RBF), to identify complex, non-linear relationships
within the data, making it ideal for capturing intricate patterns.

Interpretability: SVM models are generally less interpretable than decision

trees, often functioning as a "black box" due to their mathematical complexity.
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e Handling Complex Feature Interactions: SVM excels in high-dimensional
spaces, making it suitable for problems with numerous features. However, it
requires meticulous tuning of both the kernel and other parameters to optimize
its performance.

v. XGBoost (XGB):

¢ Non-linearity: Captures non-linear relationships using boosted decision trees.

e Handling Complex Feature Interactions: Excels at modeling complex
interactions due to boosting framework.

o Efficiency: Highly optimized for speed and performance, especially on large

datasets regularization built-in regularization reduces overfitting.

These models are chosen to depict a large spectrum of techniques, including simple linear
ones and even more sophisticated non-linear as well as ensemble techniques. These variety
will bring about an almost all-sided analysis, taking into consideration both the pros and
cons of each technique in consideration, based on the specifics of the dataset itself. This

will also point out which is the most appropriate method in solving this problem.

e Linear Regression A base algorithm in machine learning assumes that there is a linear
relationship between the input features and the target variable. It aims at minimizing the
mean squared error between the predicted and actual values, providing a lucid and

interpretable solution whenever data follows a linear trend.

o Ridge Regression, also known as Tikhonov regularization, it is applied to deal with
multicollinearity problems that arise in regression models when predictor variables are
highly correlated. Introducing a regularization term in Ridge Regression reduces the

complexity of the model and prevents overfitting.

o Lasso Regression (Least Absolute Shrinkage and Selection Operator) Both feature
selection and regularization are combined to increase model interpretability and accuracy
of prediction. Lasso shrinks some of the coefficients to zero, effectively removing
irrelevant variables from the model, potentially helping prevent overfitting and increase

interpretability.
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SVM Regressor (Support Vector Machine) Depending on the selected kernel, it can either
be linear or non-linear in nature. It operates by making a hyperplane in a high-dimensional
space such that the error within a specified margin is minimized. SVMs are efficient tools
for handling both linear and non-linear relationships and can make use of kernel functions
such as RBF or polynomial kernels. However, they are less interpretable than decision tree-

based models.

XGBoost A highly popular ensemble learning algorithm based on gradient boosting with
decision trees to predict the target value. This algorithm starts with growing trees one after
the other with each learning from the mistake of the previous tree that is found to have
created a powerful ability for them to identify complex data relationships in data. XGBoost
can accommodate huge sizes of datasets, doesn't cause overfitting by introducing built-in

regularization. They also include feature importance to improve interpretability in

modeling.
Table 3. 2. Hyperparameters for Models

Model Hyperparameters Description Values
Linear None Standard linear regression | N/A
Regression model
Ridge alpha Regularization strength [0.1, 1, 10]
Regression
Lasso alpha Regularization strength [0.01, 0.1, 1]
Regression
SVR (Support | C, kernel Regularization, Kernel type [0.1, 1, 10], [linear',
Vector) 'tbf"]
XGBoost n_estimators, max_depth, | Number of trees, Maximum | [50, 100, 200], [3, 5,
Regressor learning_rate depth, Learning rate 10], [0.01, 0.1, 0.2]
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Table 3.2 shows that the choice of hyperparameters for ML models is critical, as they can

significantly impact the performance and behavior of the models. Here’s why the specific

hyperparameters were chosen for each model:

Ridge (alpha):

Lasso (alpha):

Regularization Strength: In Ridge regression, the alpha parameter controls
how much strength regularization is applied to the model. The application of
regularization prevents overfitting by adding a penalty to large coefficients. To
check on various levels of regularization strength from weak to strong, [0.1, 1,
10] values are used. The selected range enables a proper determination of the
right level of regularization so that there is an appropriate trade-off between

bias and variance in obtaining the best performance.

Regularization Strength: Like Ridge, Lasso relies on the alpha parameter for
controlling strength. Lasso can shrink some coefficients to zero, which would
result in feature selection. The three values 0.01, 0.1 and 1 have been used to
test over a range of the regularization effects: the smaller numbers 0.01 means
that more features will be kept whereas higher numbers of 1 can lead towards

aggressive feature selection, making it a simpler model.

SVR (Support Vector Regressor):

SVR uses the support vectors to predict the continuous target values by setting
the balance between the model complexity and the margin width by the
regularization parameter C (values: [0.1, 1, 10]). It supports different types of
kernel functions (linear, rbf, poly) to capture linear and non-linear relationships
while using the epsilon parameter (values: [0.1, 0.2, 0.5]) to allow a margin of
tolerance for error in prediction. SVR is efficient for high dimensional data and

complex patterns, making it multi-purpose for regression tasks.
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XGBoost Regressor

e XGBoost is an efficient gradient boosting algorithm that builds an ensemble of
decision trees sequentially to improve prediction accuracy. It uses the
n_estimators parameter (values: [50, 100, 200]) to specify the number of trees
in the ensemble and the max_depth parameter (values: [3, 5, 10]) to control the
maximum depth of each tree, preventing overfitting. The learning_rate (values:
[0.01, 0.1, 0.2]) helps in controlling the contribution of each tree to the final
prediction. XGBoost is known for its speed, scalability, and ability to handle

large datasets, while providing feature importance for model interpretability.

Rationale for Hyperparameter Choices:

Coverage of Model Complexity: By tuning the hyperparameters selected here, one can
explore a number of model complexities from less complex models using less
regularization or shallower trees to stronger regularization or deeper trees that are more
complex. Such exploration can further help explain which configurations affect the
performance of the model.

Prevention of Overfitting: The two most critical regularization parameters which are
probably likely to save from overfitting in the case of high dimensional data would be alpha
for Ridge and Lasso, and max_depth for Decision Trees. The values of these therefore set
the correct balance between the complexity of the model and generalization.

Model Stability and Performance: For ensemble methods like Random Forest, the
number of trees (n_estimators) and depth (max_depth) are crucial for stability and
performance. Increasing the number of trees generally improves performance but also

increases computational cost, which needs to be managed.

Overall, the hyperparameters chosen were to test and tune the models systematically, ensuring best

performance possible on the given data set, without overfitting and underfitting. This reflects a

compromise between how wide a range of potential configurations is explored and considerations

of computational efficiency.
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3.5.2. Training the Regression Model

The training process involved splitting the dataset into training and test sets. The models were
trained on the training set and then validated using the test set to check their predictive accuracy.
Cross-validation was used to prevent overfitting and ensure that the models generalize well to new

data.

3.5.3. Hyperparameter Tuning and Model Validation Techniques

Hyperparameter tuning for models such as Linear Regression, Ridge Regression, Lasso
Regression, SVR, and XGBoost were conducted to improve model performance. Techniques
applied here are grid search and random search. This optimizes key parameters such as alpha for
Ridge and Lasso Regression for the regularization strength, C parameter in SVR or the
regularization strength and epsilon, and n_estimators, max_depth, and learning rate for XGBoost.
In grid search, all combinations of hyperparameters are inspected whereas in random search,
parameters are sampled randomly from the parameter space. To make sure that the model was not
overfitting and was robust, the K fold cross-validation is used here. The given dataset has been
divided into K subsets, and it iterates to train over different folds. This method gives more reliable
estimates for the models by averaging their results while making validations at multiple tests,

thereby generalizing very well towards unseen data.

3.5.4. Performance Metrics for Model Evaluation

The performance of the regression models was evaluated using the following metrics:

3.5.4.1. Root Mean Squared Error (RMSE)

Root mean square error denotes the average magnitude of the error between the predicted and
observed values. It is informative in terms of the prediction error in the same units as the dependent

variable, making it most useful for determining how close the predictions are to the true values.

3.5.4.2. Mean Absolute Error (MAE)

MAE stands for Mean Absolute Error, which is the average absolute difference between predicted

and actual values. Unlike RMSE, MAE treats all errors equally, without giving more weight to
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larger discrepancies. This makes it a straightforward and interpretable metric for evaluating model
performance, providing a clear sense of how much error exists on average between predictions and

actual outcomes.

3.5.4.3. Coefficient of Determination (R?) Score

The R? score, or coefficient of determination, is the degree of fit between the model explaining the
variance in the data. The range for an R2 score is 0 to 1. A better fitting model has a higher R?
score, indicating that it explains more of the variance in the dependent variable. A score closer to

1 means that the model can predict the outcomes better.

3.6. An Overview of the Forecasting Process

This step was to input the historical data into the regression models in forecasting future trends
related to cross-cultural issues. This was critical to offering actionable insights for the project
managers to identify potential conflicts early and implement strategies that can mitigate them

before they escalate.

3.7. The Relationship Between Regression Models and Forecasting

During this study, the regression models are part of the prediction process. With a detailed
historical pattern of data, such models may forecast possible future conflicts and problems, and a

very dependable way to proactively manage cross-cultural issues in real-time GSD scenarios.
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4. RESULTS AND DISCUSSIONS

This chapter summaries the findings and discussions from a research work in applying Al methods
for cross-cultural issue prediction within Global Software Development. The experiments involved
various regression models during training and tuning hyper-parameters, comparative results based
on cross-validation analysis, and regression residuals analysis. All these are communicated

graphically, supported with figures and tables for further clarification.
4.1.Model Performance Before Hyperparameter Tuning

The following results for the regression models from the initial training are shown. The results
include key performance metrics such as Mean Squared Error (MSE), R? Score, Mean Absolute
Error (MAE), and Root Mean Squared Error (RMSE) for each model. Table 4.1 Performance

metrics before hyperparameter tuning was applied.

Table 4. 1. Performance Metrics Before Hyperparameter Tuning

Model MSE RMSE MAE R-squared
Linear Regression 0.100 0.316 0.200 0.900
Ridge Regression 0.176 0.419 0.366 0.246
Lasso Regression 0.233 0.483 0.466 0.000
SVR 0.176 0.419 0.366 0.246
XG Boost 0.182 0.426 0.340 0.221
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Model Performance Metrics

MSE
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MAE
R-squared
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Model

Figure 4. 1. Bar Plot of Performance Results for All Models Before Hyperparameter Tuning

Model Predictions with KDE

—— Linear Regression (MSE=0.100, RMSE=0.316, MAE=0.200, R-squared=0.900)
Fd —— Ridge Regression (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
—— Lasso Regression (MSE=0.233, RMSE=0.483, MAE=0.466, R-squared=0.000)
—— SVR (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
—— XGBoost (MSE=0.182, RMSE=0.426, MAE=0.340, R-squared=0.221)
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Figure 4. 2. Plot with KDE for each model's prediction
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Linear Regression outperforms the other models in this analysis, achieving the best results with a
Mean Squared Error (MSE) of 0.100, a Root Mean Squared Error (RMSE) of 0.316, and a Mean
Absolute Error (MAE) of 0.200. Its R-squared value of 0.900 indicates that it accounts for 90% of

the variance in the data, making it the most accurate model among the ones tested.

In comparison, Ridge Regression and Support Vector Regression (SVR) yield almost identical
results. Both have an MSE of 0.176, an RMSE of 0.419, and an MAE of 0.366. Their R-squared
values of 0.246 indicate that these models are less effective in explaining the variance in the data

than Linear Regression.

Lasso Regression performs the weakest in this group with the highest MSE of 0.233, RMSE of
0.483, and MAE of 0.466. The R-squared score is 0.000, which means it fails to explain any

variance in the dataset and is the least effective model in this comparison.

XGBoost shows moderate performance with an MSE of 0.182, RMSE of 0.426, and an MAE of
0.340. Its R-squared value of 0.221 indicates a modest ability to capture the data's variance, but it

still performs better than Lasso Regression.

Overall, while each model has its strengths and weaknesses, Linear Regression emerges as the
most effective model in this initial evaluation, delivering the lowest error metrics and the highest

R-squared value.
4.2.Model Performance After Hyperparameter Tuning

Below are the results for the regression models after hyperparameter tuning. These results consist
of the same performance metrics as before but now reflecting the optimized parameters for each

model. Table 4.2. hyperparameters for the applied models.
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Table 4. 2. Hyperparameters for Models

Model

Hyperparameters Values
Linear Regression None N/A
Ridge Regression alpha [0.1, 1, 10]
Lasso Regression max_depth [0.01, 0.1, 1]
ISQZ;eSS(OS:)lpport Vector C. kernel, epsilon [0.1, IE()I.(I)T()[.';i’ngés? 'tbf'],
XGBoost n_estimators, max_depth, [50, 100, 2001, [3, 5, 10],
learning_rate [0.01, 0.1, 0.2]

Performance The Model Performance Metrics Table presents an in-depth comparison of five
regression models: Linear Regression, Ridge Regression, Lasso Regression, Support Vector
Regression (SVR), and XGBoost. Models are analyzed through crucial performance indicators

such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error

(MAE), and R-squared-the main indicators of the models' correctness and their predictive power.

Among the models tested, the winner is Linear Regression. This delivered the lowest MSE of
0.100, RMSE 0.316, and MAE of 0.200 to indicate minimal errors in prediction. Furthermore, the
R-squared stands at 0.900, which indicates that for 90% variance by the model in the target
variable, it's just an excellent result. This is great accuracy, considering that Linear Regression is
a relatively simple model, so it was effective in capturing linear effects among predictors and the

target variable and could be a good choice for this dataset.

In contrast, Ridge Regression and Support Vector Regression (SVR) perform closely but have
relatively higher error values. Both have MSE values 0of 0.176, RMSE 0f 0.419, and MAE 0f 0.366,
which are larger than those of Linear Regression. These results indicate that these models are less
effective in capturing the underlying patterns of the data. The R-squared values for Ridge
Regression and SVR are 0.246, which means that these models explain only about 25% of the

variance. Both Ridge Regression, with its regularizing effect to mitigate multicollinearity, and
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SVR, which is built for capturing non-linear relationships, seem to suffer from overfitting or

underfitting, which may have affected their performance on this dataset.

Lasso Regression is the worst among all the models, having the highest MSE (0.233), RMSE
(0.483), and MAE (0.466) with an R-squared of 0.000. This implies that Lasso Regression has
failed to explain any variance in the target variable. This can be due to its aggressive regularization
method, which may have forced some coefficients to zero, eliminating important features and

causing underfitting with poor predictive performance.

XGBoost is moderate in performance; it has the ability to handle complex datasets. For example,
its MSE i1s 0.182, and its RMSE is 0.426 and MAE is 0.340. It performs better than Lasso
Regression but still not as good as Linear Regression. The R-squared value is 0.221, meaning that
XGBoost explains only 22% of the variance, a lot less than Linear Regression that explained 90%.
While XGBoost works well in capturing complex interaction and non-linear relations, the model

is not better in this scenario than the simpler variants; the data may not have complex interrelations.

The Hyperparameter Settings Table gives more information about how the performance of these
models can be improved through tuning their hyperparameters. Linear Regression does not require
tuning of any hyperparameters; hence, it is easy to implement. However, in Ridge Regression, the
strength of regularization is controlled by alpha, and values such as [0.1, 1, 10] are used to find the
optimal balance between model complexity and overfitting. Lasso Regression adjusts its
complexity with max_depth, which adjusts the depth of the decision trees. In SVR, it's a matter of
key parameters: C, kernel, and epsilon, which enable adjusting the model's complexity and the
error margin. This package allows for different kernel types (linear or radial basis function).
Finally, XGBoost has several hyperparameters, including n_estimators, max depth, and
learning_rate, which control the number of trees, tree depth, and learning rate, respectively. Fine-
tuning all these parameters is necessary to have a higher model performance. But here, simplicity

won over the more complicated models.

In summary, Linear Regression is the best-performing model, considering both error metrics and
the variance it can explain. Other models, such as Ridge Regression, SVR, and XGBoost, have
certain advantages, especially for non-linear data or when regularization is required, but they are

not better than Linear Regression for this dataset. Lasso Regression, with its excessive
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regularization, is performing significantly worse. Each of the models has the specified
hyperparameters that can be used further for optimization, but based on the results, the simplest

models, like Linear Regression, offer the best trade-oft between performance and simplicity in this

analysis.
Table 4. 3. Performance Metrics After Hyperparameter Tuning
Model MSE RMSE MAE R-squared
LA 0.176 0.419 0.366 0.246
Ridge Regression 0.175 0.418 0.365 0.251
D [ 0.174 0.417 0.358 0.255
SVR
0.176 0.419 0.366 0.246
epee 0.173 0.416 0.348 0.258
Model Performance Metrics
I MSE
0.40 4 I RMSE
I MAE
0.35 4 BN R-squared
0.30 1
0.251
5
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Figure 4. 3. Bar Plot of Performance Results for All Models after Hyperparameter Tuning

61



Model Predictions with KDE

—— Linear Regression (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
A —— Ridge Regression (MSE=0.175, RMSE=0.418, MAE=0.365, R-squared=0.251)
—— Lasso Regression (MSE=0.174, RMSE=0.417, MAE=0.358, R-squared=0.255)
—— SWVWR (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
—— XGBoost (MS5E=0.173, RMSE=0.416, MAE=0.348, R-squared=0.258)
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Figure 4. 4. Plot with KDE for Each Model's Predictions Before Tuning

4.3 Performance Metrics Before and After Hyperparameter Tuning

Performance metrics before and after hyperparameter tuning are shown in Table 4.4.
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Table 4. 4. Performance Metrics Before and After Hyperparameter Tuning

Model

Linear Regression

Ridge Regression

Lasso Regression

SVR

XG Boost

Model

Linear
Regression
Ridge Regression
Lasso Regression

SVR

XGBoost

Performance Metrics before Hyperparameter Tuning

MSE

0.100

0.176

0.233

0.176

0.182

RMSE

0.316

0.419

0.483

0.419

0.426

MAE

0.200

0.366

0.466

0.366

0.340

Performance Metrics After Hyperparameter Tuning

MSE

0.176

0.175

0.174

0.176

0.173

RMSE

0.419

0.418

0.417

0.419

0.416
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MAE

0.366

0.365

0.358

0.366

0.348

R-squared

0.900

0.246

0.000

0.246

0.221

R-squared
0.246
0.251
0.255
0.246

0.258



Density

Model Predictions with KDE (Before and After Hyperparameter Tuning)

1

=== Linear Regression (Before - MSE=0.100, RMSE=0.316, MAE=0.200, R-squared=0.900)
P - —— Linear Regression (After - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
X g % ~ -==- Ridge Regression (Before - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
v —— Ridge Regression (After - MSE=0.175, RMSE=0.418, MAE=0.365, R-squared=0.251)
\ —=- Lasso Regression (Before - MSE=0.233, RMSE=0.483, MAE=0.466, R-squared=0.000)
\ —— Lasso Regression (After - MSE=0.174, RMSE=0.417, MAE=0.358, R-squared=0.255)
\ ~~~ SVR (Before - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
" —— SVR (After - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
XGBoost (After - MSE=0.173, RMSE=0.416, MAE=0.348, R-squared=0.258)

Figure 4. 5. For each model, plot both the pre-tuning and post-tuning predictions with their
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Figure 4. 6. Comparison of all models (a) Bar Plot Histograms
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4.4.Cross-Validation Performance

The performance of the models was further evaluated using cross-validation to ensure robustness

and generalizability. The results from the cross-validation process are summarized in Table 4.4.

Table 4. 5. Cross-Validation Performance Metrics

Model Mean MSE Mean RMSE Mean MAE Mean R-squared
Linear Regression 0.190 0.436 0.375 0.230
Ridge Regression 0.185 0.430 0.370 0.245
Lasso Regression 0.180 0.424 0.365 0.250
SVR 0.188 0.433 0.375 0.235
XGBoost 0.178 0.422 0.360 0.255
Cross-Validation Performance Metrics
0.4 4

Value

%

Figure 4. 7. Comparison of all models using column graph
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The table Cross-Validation Performance Metrics compares five regression models: Linear
Regression, Ridge Regression, Lasso Regression, Support Vector Regression (SVR), and
XGBoost. Comparison is based on key performance indicators: Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared. These metrics

measure how well a model predicts the target variable and how effective it generalizes to new data.

Mean MSE: MSE is the average squared error between the predictions and the actual
values, where lower is better. From the three models, XGBoost has the lowest MSE, at
0.178, meaning its predictions are most accurate. Lasso Regression comes closely with a
mean MSE of 0.180. Both Linear Regression and SVR have higher MSEs: 0.190 and 0.188,

meaning they produce slightly larger errors.

Mean RMSE: RMSE is the square root of MSE, giving a clearer idea of prediction error
in the same unit as the target variable. It gives an immediate measure of the accuracy of
the model's predictions. XGBoost tops with the lowest RMSE at 0.422, followed by Lasso
Regression at 0.424 and Ridge Regression at 0.430. Linear Regression and SVR have
comparable RMSE values at 0.436 and 0.433, respectively, which implies that their errors
are higher than that of the top models.

Mean MAE: MAE computes the average magnitude of the absolute errors between
predicted and actual values. A smaller MAE means more accurate predictions. XGBoost
results in the lowest MAE of 0.360, which signifies a better prediction accuracy. Lasso
Regression and Ridge Regression have almost the same performance but are slightly worse
at 0.365 and 0.370, respectively. The MAE for Linear Regression and SVR is the highest

at 0.375, indicating that these models are not so accurate in general.

Mean R-squared: R-squared measures the percentage of variance in the target variable
that is explained by the model. Larger R-squared values denote a better fit of the model to
the data. XGBoost performs best with the highest R-squared value of 0.255, followed by
Lasso Regression at 0.250 and Ridge Regression at 0.245. Lower the two are R-squared:
the SVR has one and that of the Linear Regression stands to 0.230 for SVR and 0.235
respectively. This depicts models with lesser explanation ability with the target variable

variance.
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Summary:

e XGBoost was the best on all the metrics, and it had the lowest error rates and the highest

R-squared, which implies that it provides both accuracy and a good model fit.

o Lasso Regression and Ridge Regression show similar performance, with Lasso slightly

outperforming Ridge in most metrics.

e Compared to other models, the Linear regression and SVR appear less effective,
particularly in variance explanation and predictive accuracy, and thus possibly less suited

to this dataset.
4.5.Discussion

Results from the previous section will make up a complete review of how five regression models
perform in comparison with a few different performance metrics, such as Mean Squared Error
MSE, Root Mean Squared Error RMSE, Mean Absolute Error MAE, and R-squared. Cross-
validation was run over every model to prove that each is a good candidate to predict the target
variable as well as generalize the knowledge learnt towards unseen data. Such insight is critical as
it has brought out the strengths and weaknesses of each model for a more critical selection that

may be necessary in identifying the most appropriate predictive analysis approach for this context.
4.6.Model Performance Comparison

XGBoost was the best model at all metrics tested. It had the smallest values for MSE, RMSE, and
MAE, and the highest R-squared, indicating stronger predictive accuracy and ability to fit the data.
This is in line with what the model is known to do in dealing with large complex datasets with
nonlinear relations and interactions. The strong performance of the XGBoost model indicates that
it leads other models in comparison while detecting any hidden pattern inside data more effectively
than those others. It is particularly ideal for situations where the connections between variables are
complex, so it is very flexible within the handling of different data structures and types, making

predictive modeling a powerful tool within its domain.

Lasso Regression and Ridge Regression were nearly equal in performance in all metrics, except

that Lasso was better than Ridge at MSE, RMSE, and MAE. Both exploit regularization, which
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acts as a controlling measure of overfitting, penalizing overly complex models. Lasso utilizes L1
regularization that tends to select features as coefficients are driven to zero in some instances, thus
dropping features not significant for the model. This is one feature that can be useful when dealing
with high-dimensional data, as it has the effect of lowering down the complexity of the model. But
neither Ridge nor Lasso has been able to equal performance levels of XGBoost in terms of variance
explanation, or R-squared. This again suggests that although regularization is great for overfitting,
sometimes it does not necessarily improve model performance on every dataset especially when

the relationships are mostly non-linear.

Linear Regression and SVR performed weaker compared to the other models. Their MSE, RMSE,
and MAE values were also the highest, and their R-squared values were the lowest. Linear
Regression is simple, with an assumption of a linear relationship between the predictors and the
target variable, which might not always capture the intricacies of the data. The other hand, SVR
was set to find a hyperplane in the high-dimensional space; however, it was successful only with
specific types of data. The present dataset seems not to work well with the same model. Lower R-
squared values for both models indicated that they failed to explain the variance in the target
variable and, hence were less successful in this task. Even though the simplicity and interpretability
of Linear Regression make it an often-good baseline model, it may not capture a more complex

relationship very well.
4.7.Insights from Performance Metrics

MSE and RMSE are both significant metrics on average error in the predictions: the lower value
indicates performance. Strong performance on these two metrics shows that this model gives more
accurate predictions than most others. The RMSE is most important in the interpretation of the
scale of errors, because it stands in the same unit as its target variable. A lower RMSE of XGBoost
suggests that it gives a much more accurate prediction, possibly important in practical applications

where an exact forecast is necessary.

Another evidence in favor of the conclusion is the Mean Absolute Error, or MAE, as an average
magnitude of errors without their directions. A smaller MAE implies that XGBoost made closer
predictions to the real value on average compared with the other models. This indicates that even

though both Lasso and Ridge have obtained benefit from regularization, they failed to surpass
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XGBoost's performance. Their MAE value is significantly higher than that of the previous but is

lower than those for both Linear Regression and SVR.

R-squared measures the variance explained by the model, which is a critical metric for the
goodness of fit of how well the model describes the data. Again, XGBoost performed best here as
it had the largest R-squared value, indicating that XGBoost explains more variance in the target
variable, once again showing its ability to capture complex patterns and relationships within the
data. However, Linear Regression and SVR show much lower R-squared values, meaning that
these models failed to capture a significant part of the variability in the target, hence making them

less efficient for this kind of analysis.
4.8.Implications for Model Selection

The results of this comparison hold great implications for model selection in predictive analytics
tasks. In this case, XGBoost is the outright winner as it outperforms all key performance metrics.
Its ability to handle complex and non-linear relationships and interactions is ideal for tasks
requiring high predictive accuracy. However, the computational cost of more complex models like
XGBoost should be considered. Although it does its job excellently, more time and memory might

be needed for it to process large datasets.

Both Lasso Regression and Ridge Regression perform well and are excellent in feature selection
ability, so, Lasso would be favored. Good for model interpretability and regularization, especially
in high-dimensional settings. However, they do not do better than more advanced models like
XGBoost concerning predictive power and relatively low R-squared values indicated that they

might miss some aspects of data complexity.

Linear Regression and SVR, although simple and interpretable, are not the best for this scenario.
High error metrics and low R-squared values indicate that these may not be the best choice for
complex relationships datasets. These models can still be used for quick analysis or as a baseline

model. However, if predictive accuracy is critical, XGBoost would be a better choice.
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4.9.Conclusion

In conclusion, the performance metrics suggest that XGBoost is the best model for this dataset,
giving the best balance of predictive accuracy, model fit, and the ability to handle complex data.
Lasso and Ridge Regression give good alternative options, particularly when a need for
regularization arises, although they are not as effective compared to XGBoost. Although simpler
in nature, linear regression and SVR have poor performance and may not be appropriate for
applications with high predictive accuracy. The experiment demonstrates that the appropriate

choice of model depends on the complexity of the data and the aim of analysis.
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5. CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusion

The main aim of this study was to check the performance of five regression models: Linear
Regression, Ridge Regression, Lasso Regression, Support Vector Regression, and XGBoost,
regarding predicting cross-cultural issues in GSD by applying Al techniques. Those models were
compared across key performance metrics: Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), and R-squared, to assess which model had better predictive

capabilities.

The results demonstrated, in all performance metrics, that XGBoost performed better than all the
other models. It displayed lower values for MSE, RMSE, and MAE and higher R-squared values,
making it the best fitting and most accurate model in this context. It excels at capturing non-linear
relationships and patterns within the data that allow it to handle highly complicated datasets with

multiple variables of interaction.

On the contrary, Lasso Regression and Ridge Regression performed well, but not up to the
XGBoost mark. As these models are known for the application of regularization, these were helpful
in reducing the overfitting problem, especially in cases of high-dimensional data. Lasso Regression
performed slightly better than Ridge Regression, but both had less capability of capturing data

complexity as compared to that of XGBoost.

On the other hand, Linear Regression and SVR were weaker for this experiment. Both presented
greater error values and worse scores of R-squared, which implies a failure to discern well the
actual underlying patterns in the dataset. Though these more simplistic models can be used as
baselines or for preliminary analyses, their performance suggests that they are less suitable for

highly complex datasets with non-linear relationships and intricate interactions.

5.2 Recommendations

Based on the results of this study, several recommendations are made for future research and

practical applications:
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5.2.1. Adopt XGBoost for Complex Predictive Tasks

Given its excellent performance across all metrics, XGBoost is highly recommended to be the
primary model for tasks requiring predictive analysis in this context. This is because it can easily
model complex relationships within the data and produce high-accuracy results, which makes it
suitable for situations where prediction reliability is of utmost importance. However, users should
consider its computational demands, as XGBoost can be resource-intensive, especially with large
datasets. To tackle the foregoing, optimizations like parallel computing or distributed computing

frameworks might be used.

5.2.2 Use Regularization Models (Lasso and Ridge) for Simpler and High-Dimensional
Data

Although Lasso and Ridge Regression were not more accurate than XGBoost, they are still useful
models, mainly in situations where model simplicity and interpretability are important. These
models are excellent at handling big-dimensional datasets, and techniques of regularization can
counteract the problem of overfitting. Lasso particularly provides the extra advantage of feature
selection through shrinking coefficients of lesser features to zero, thereby making the model more

interpretable and easier to understand.

5.2.3 Leverage Linear Regression and SVR for Baseline Comparisons

Although Linear Regression and SVR performed poorly compared to more complex models, they
are still useful as baseline models, especially in the early stages of model development. These
models are computationally inexpensive and easy to interpret, making them suitable for smaller,
simpler datasets or when model transparency is prioritized over predictive power. For more

complex datasets, advanced models like XGBoost should be considered.

5.2.4 Further Explore Hyperparameter Tuning

This study showed the effect of hyperparameter tuning on the model's performance, but the further
research into fine-tuning the hyperparameters of the models may give even better results. For
example, experiments with different configurations for XGBoost, Lasso, and Ridge Regression
could improve their performance and make them more competitive with each other.
Hyperparameter optimization techniques like grid search or random search should be explored

further.
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5.2.5 Test Models on Real-World GSD Data

Since the dataset in this study was simulated, it is advisable that future research validate the models
on real datasets from actual GSD projects. Real-world GSD environments are dynamic and involve
many factors like team collaboration, cultural differences, and communication levels, which could
affect the performance of the models. Testing the models on diverse, real-world datasets would

help refine the model selection process and improve their applicability in practice.

5.2.6 Explore Integration of Advanced Al Techniques

While this study focused on traditional regression models, further enhancements in predictive
accuracy might be achieved by integrating deeper Al techniques, such as deep learning and
ensemble models. Deep learning models, especially neural networks, are best suited for data-
intensive tasks, and their integration in GSD-related tasks warrants further exploration. Moreover,
combining multiple models into an ensemble may help improve performance by using the

strengths of different approaches.
5.3 Key Findings

The results of this study have confirmed the importance of proper predictive model selection
depending on characteristics of the dataset and specifics of the task. XGBoost was the best
performer here, providing very reliable and accurate performance for large, complicated datasets.
However, simpler models such as Lasso and Ridge Regression should not be ignored as they have
useful benefits with regularization and feature selection especially in high-dimensional data.
Linear Regression and SVR are still good baseline models for simple tasks or small datasets but

for more complex problems, more advanced models like XGBoost should be used.
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Appendix A: Detailed Code and Explanation
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11/27/24, 3:56 PM

CROSS_CULTURAL_ISSUES_new

Step 1: Import Necessary Libraries

In [1]:

# Import necessary Llibraries
import pandas as pd
import numpy as np
import seaborn as sns

import matplotlib.pyplot as plt
sklearn.model_selection import train_test_split
sklearn.ensemble import RandomForestClassifier
sklearn.svm import SVC
sklearn.metrics import mean_squared_error as mse
xgboost import XGBClassifier
sklearn.neural_network import MLPClassifier
sklearn.metrics import accuracy_score, precision_score, recall_scor

from
from
from
from
from
from
from

e, fl_score, mean_squared_error, r2_score

Step 2: Load and Explore Data

In [80]:

In [3]:

Out[3]:

df = pd.read_csv('/content/cross_cultural_issues_in_gsd.csv')

# Display first few rows

df.head(2)
Team Cultural Issue Frequency” Resolution Communication v
Project|D Location Issue Severity of Time Tools Used H
Occurrence (Days) Owe
7daf73ca-
0b30-43d8- Time Zone "
0 BdBa- Canada Differences Low Occasionally 9 Email 2h
4b4d7da9216¢c
529f59bb-
0566-4d1d- Language
1 atdd- UK Boriicrs High Rare 2 Skype Oh
fd2fc5830665

4 G

Explore data

https://htmtopdf.herokuapp.com/ipynbview er/temp/0b1b5296f4663c35c919cc3f93b02812/CROSS_CULTURAL_ISSUES_new .htmi?t=1732704...
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CROSS_CULTURAL_ISSUES_new

In [4]: df.head(3)

Out[4]:

Frequency Resolution —
: Team Issue Communication
Project ID Location Cultural Issue Severity of Time Tools Used
Occurrence (Days)
7dafi3ca-
0b30-43d8- Time Zone . 5
0 8d8a- Canada Differences Low Occasionally 9 Email
4b4d7da9216¢
529f59bb-
0566-4d1d- Language .
1 el UK B s High Rare 2 Skype
fd2fc5830665
e9e52068-
e199-4ada- Communication i
2 9c89- France Geips Medium Frequently 10 Skype
ad5da3B244bb
4 — >
In [5]: # Data info
df.info()
<class 'pandas.core.frame.DataFrame’>
Rangelndex: 16008 entries, @ to 999
Data columns (total 16 columns):
#  Column Non-Null Count Dtype
2] Project ID 1880 non-null object
1 Team Location 1606 non-null  object
2 Cultural Issue 1600 non-null  object
3 Issue Severity 1808 non-null object
4  Frequency of Occurrence 1600 non-null  object
5 Resolution Time (Days) 1808 non-null inte4
6 Communication Tools Used 1e@0 non-null  object
7 Work Hours Overlap 1808 non-null object
8 Cultural Misunderstanding Type 1806 non-null object
9 Resolution Strategy 1888 non-null object
1@ Country Cultural Profile 1888 non-null object
11 Project Stage 1888 non-null object
12 Cross-Cultural Training 1888 non-null object
13 Impact on Project Deliverables 1868 non-null object
14 Team Leadership Style 1888 non-null object
15 Work Quality 1666 non-null  object

dtypes: int64(1), object(15)
memory usage: 125.1+ KB

In [6]: # Dataset shape
print(f"Number of Rows: {df.shape[@]}")

print(f"Number of Columns: {df.shape[1]}")

Number of Rows: 1888
Number of Columns: 16

https::htmtopdf .herokuapp.comfipynbview ertemp/0b1b5296f4663c35c¢919cc3f93b02812/CROSS_CULTURAL ISSUES new .htmi?t=1732704...

81

2131



11/27/24, 3:56 PM

In [7]:

In [8]:

https //htmtopdf.herokuapp.comfipy nbview er/temp/0b1b529674663c35c919cc3f93b02812/CROSS_CULTURAL _ISSUES_new htmi?t=1732704...

CROSS_CULTURAL_ISSUES_new

# Column data types
print("\nColumn Data Types:")
print(df.dtypes)

Column Data Types:

Project ID

Team Location

Cultural Issue

Issue Severity

Frequency of Occurrence
Resolution Time (Days)
Communication Tools Used

Work Hours Overlap

Cultural Misunderstanding Type
Resolution Strategy

Country Cultural Profile
Project Stage

Cross-Cultural Training

Impact on Project Deliverables
Team Leadership Style

Work Quality

dtype: object

# Missing values
print("\nMissing Values:")
print(df.isnull().sum())

Missing Values:

Project ID

Team Location

Cultural Issue

Issue Severity

Frequency of Occurrence
Resolution Time (Days)
Communication Tools Used

Work Hours Overlap

Cultural Misunderstanding Type
Resolution Strategy

Country Cultural Profile
Project Stage

Cross-Cultural Training

Impact on Project Deliverables
Team Leadership Style

Work Quality

dtype: inte4
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In [9]:

Qut[9]:

In [78]:

out[78]:

I [

CROSS_CULTURAL_ISSUES_new

# Summary statistics
print("\nSummary Statistics:")
df.describe(include=[np.number])

Summary Statistics:

Resolution Time (Days)

count 1000.00000
mean 6.10100
std 2.59953
min 2.00000
25% 4.00000
50% 6.00000
75% 8.00000
max 10.00000

print("\nSummary of Categorical Data:")
df.describe(include=["'object'])

Summary of Categorical Data:

Model
count 5
unigue 5

top Linear Regression

freq 1

#correlgtion matrix to visualize the relations

categorical cols = df.select _dtypes(include=['object']).columns

# Perform one-hot encoding
df_encoded = pd.get_dummies(df, columns=categorical_cols, drop_first=Tru

e)

# Calculate the correlation matrix
correlation_matrix = df_encoded.corr()

# Visualize the correlation matrix using a heatmap
plt.figure(figsize=(12, 18))

sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm', fmt=".2f")
plt.title('Correlation Matrix of Features')

plt.show()

https:htmtopdf .herokuapp.comfipynbview ertemp/0b1b52964663c35c¢919cc3f93b02812/CROSS_CULTURAL ISSUES new .htmi?t=1732704...
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In [11]: # Distribution of target variable
plt.figure(figsize=(8, 4))
sns.countplot(x="Impact on Project Deliverables", data=df)
plt.title("Target Variable Distribution")
plt.show()

Target Variable Distribution

350 A

Moderate Minor Significant
Impact on Project Deliverables

In [12]: # Encoding categorical data
df_encoded = pd.get_dummies(df, drop_first=True)

In [14]: # Splitting dataset into features (X) and target (y)

# Define features (X) and target (y)
X = df_encoded.drop("Impact on Project Deliverables_Significant", axis=

1)

y = df_encoded["Impact on Project Deliverables_Significant"]

In [15]: # Splitting into train and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3,
random_state=42)

https:htmtopdf.herokuapp.comfipynbview ertemp/0b1b5296f4663c35c919cc393b02812/CROSS_CULTURAL ISSUES new.htmi?t=1732704...  5/31
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In [16]:

CROSS_CULTURAL_ISSUES _new
# Linear regression "Metric": ["MSE", "RMSE", "MAE", "R2"], X_train, X_t
est, y train, y test = train_test split(X, y, test size=8.3, random_stat
e=42)

from sklearn.linear_model import LinearRegression

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_

score
import math

# Initialize and train the lLinear regression model
model = LinearRegression()
model.fit(X_train, y_train)

# Make predictions on the test set
y_pred = model.predict(X_test)

# Calculate evaluagtion metrics

mse_value = mean_squared_error(y_test, y_pred)
rmse_value = math.sqrt(mse_value)

mae_value = mean_absolute error(y_test, y_pred)
r2 = r2_score(y_test, y pred)

print(f"MSE: {mse_value}")
print(f"RMSE: {rmse_value}")
print(f"MAE: {mae_value}")
print(f"R-squared: {r2}")

MSE: ©.17578785881787698
RMSE: ©.419278627181391
MAE: ©.3657248597737996
R-squared: ©.24586933154407142

https:htmtopdf .herokuapp.comfipynbview ertemp/0b1b5296f4663c35c¢919cc3f93b02812/CROSS_CULTURAL ISSUES new .htmi?t=1732704...
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In [17]: # prompt: This will generate a bar chart with MSE, RMSE, MAE, and R? val
ues.

# Create a dictionary to store the metrics

metrics = {
'"Metric': ['MSE', 'RMSE', 'MAE', 'R2'],
"Walue': [mse_value, rmse_value, mae_value, r2]

}

# Create a DataFrame from the metrics dictionary
metrics_df = pd.DataFrame(metrics)

# Create the bar plot

plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=metrics_df)
plt.title( Evaluation Metrics')

plt.ylabel('Value')

plt.show()

Evaluation Metrics

Value

MSE RMSE MAE R?
Metric

https:htmtopdf.herokuapp.comfipy nbview er/temp/Ob1b5296f4663¢35c919cc3f93b02812/CROSS_CULTURAL _ISSUES new.htmi?t=1732704...  7/31
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In [18]: # prompt: Ridge
from sklearn.linear_model import Ridge

# Initialize and train the Ridge regression model

ridge_model = Ridge(alpha=1.8) # You can adjust the regularization stre
ngth (alpha)

ridge_model.fit(X_train, y_train)

# Make predictions on the test set
y_pred_ridge = ridge_model.predict(X_test)

# Calculate evaluation metrics for Ridge regression
mse_ridge = mean_squared_error(y_test, y_pred_ridge)
rmse_ridge = math.sgrt(mse_ridge)

mae_ridge = mean_absolute error(y_test, y _pred _ridge)
r2_ridge = r2_score(y_test, y_pred_ridge)

print(f"Ridge Regression MSE: {mse_ridge}")
print(f"Ridge Regression RMSE: {rmse_ridge}")
print(f"Ridge Regression MAE: {mae_ridge}")
print(f"Ridge Regression R-squared: {r2_ridge}")

# Create a dictionary to store the Ridge regression metrics
ridge metrics = {

"Metric': ['MSE', 'RMSE', 'MAE', 'R2'],

'Value': [mse_ridge, rmse_ridge, mae_ridge, r2 ridge]

}

# Create a DataFrame from the Ridge regression metrics dictionary
ridge metrics_df = pd.DataFrame(ridge_metrics)

# Create the bar plot for Ridge regression metrics
plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=ridge_metrics_df)
plt.title('Ridge Regression Evaluation Metrics')
plt.ylabel('Value')

plt.show()
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Ridge Regression MSE: ©.17574183838263802
Ridge Regression RMSE: ©.4192157428501263
Ridge Regression MAE: ©.36558030786488177
Ridge Regression R-squared: ©.246866759408524236

Ridge Regression Evaluation Metrics

Value

MSE RMSE MAE R?
Metric
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In [19]: # prompt: Lasso
from sklearn.linear_model import Lasso

# Initialize and train the Lasso regression model

lasso_model = Lasso(alpha=1.8) # You can adjust the regularization stre
ngth (alpha)

lasso_model.fit(X_train, y_train)

# Make predictions on the test set
y_pred_lasso = lasso_model.predict(X_test)

# Calculate evaluation metrics for Lasso regression
mse_lasso = mean_squared_error(y_test, y_pred_lasso)
rmse_lasso = math.sgrt(mse_lasso)

mae_lasso = mean_absolute error(y_test, y pred lasso)
r2_lasso = r2_score(y_test, y_pred_lasso)

print(f"Lasso Regression MSE: {mse_lasso}")
print(f"Lasso Regression RMSE: {rmse_lasso}")
print(f"Lasso Regression MAE: {mae_lasso}")
print(f"Lasso Regression R-squared: {r2_lasso}")

# Create a dictionary to store the Lasso regression metrics
lasso _metrics = {

"Metric': ['MSE', 'RMSE', 'MAE', 'R2'],

'Value': [mse_lasso, rmse_lasso, mae_lasso, r2 lasso]

}

# Create a DataFrame from the Lasso regression metrics dictionary
lasso_metrics_df = pd.DataFrame(lasso_metrics)

# Create the bar plot for Lasso regression metrics
plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=lasso_metrics_df)
plt.title('Lasso Regression Evaluation Metrics')
plt.ylabel('Value')

plt.show()
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Lasso Regression MSE: ©.23310000000000803
Lasso Regression RMSE: ©.482808436818293246
Lasso Regression MAE: ©.46620000000000006
Lasso Regression R-squared: 9.0

Lasso Regression Evaluation Metrics

Value

MSE RMSE MAE R?
Metric
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In [28]: # prompt: Support Vector Regression (SVR)
from sklearn.svm import SVR

# Initialize and train the SVR model

svr_model = SVR(kernel='linear') # You can try different kernels Llike 'r
bf', ‘poly’

svr_model.fit(X_train, y_train)

# Make predictions on the test set
y_pred_svr = svr_model.predict(X_test)

# Calculate evaluation metrics for SVR

mse_svr = mean_squared_error(y_test, y_pred_svr)
rmse_svr = math.sqrt(mse_svr)

mae_svr = mean_absolute_error(y_test, y pred_svr)
r2_svr = r2_score(y_test, y_pred_svr)

print(f"SVR MSE: {mse_svr}")
print(f"SVR RMSE: {rmse_svr}")
print(f"SVR MAE: {mae_svr}")
print(f"SVR R-squared: {r2_svr}")

# Create a dictionary to store the SVR metrics
svr_metrics = {
"Metric': ['MSE', 'RMSE', 'MAE', 'R2'],
'Value': [mse_svr, rmse_svr, mae_svr, r2_svr]

}

# Create a DataFrame from the SVR metrics dictionary
svr_metrics_df = pd.DataFrame(svr_metrics)

# Create the bar plot for SVR metrics
plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=svr_metrics_df)
plt.title('SVR Evaluation Metrics')

plt.ylabel('Value')

plt.show()

https::htmtopdf .herokuapp.comfipynbview erltemp/0b1b5296f4663c35c¢919cc3f93b02812/CROSS_CULTURAL ISSUES new .htmi?t=173270... 12/31

91



11/27/24, 3:56 PM CROSS_CULTURAL_ISSUES_new

SVR MSE: ©.17571135892897663
SVR RMSE: ©.41917937798629434
SVR MAE: ©.36570982544300656
SVR R-squared: 0.24619755071224183

SVR Evaluation Metrics

Value

MSE RMSE MAE R?
Metric
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In [21]: # prompt: XGBoost MSE, RMSE, MAE, R?
from xgboost import XGBRegressor

# Initialize and train the XGBoost model

xgh_model = XGBRegressor(objective="reg:squarederror', random_state=42)
# Use reg:squarederror for regression

xgb_model.fit(X_train, y_train)

# Make predictions on the test set
y_pred_xgb = xgb_model.predict(X_test)

# Calculate evaluation metrics for XGBoost
mse_xgb = mean_squared_error(y_test, y_pred_xgb)
rmse_xgb = math.sqrt(mse_xgb)

mae_xghb = mean_absolute_error(y_test, y pred_xgb)
r2_xgb = r2_score(y_test, y_pred_xgb)

print(f"XGBoost MSE: {mse_xgb}")
print(f"XGBoost RMSE: {rmse_xgb}")
print(f"XGBoost MAE: {mae_xgb}")
print(f"XGBoost R-squared: {r2_xgbl}")

# Create a dictionary to store the XGBoost metrics
xgb_metrics = {
"Metric': ['MSE', 'RMSE', 'MAE', 'R2'],
'Value': [mse_xgb, rmse_xgb, mae_xgb, r2_xgb]

}

# Create a DataFrame from the XGBoost metrics dictionary
xgb_metrics_df = pd.DataFrame(xgb_metrics)

# Create the bar plot for XGBoost metrics
plt.figure(figsize=(8, 6))

sns.barplot(x="'Metric', y='Value', data=xgb_metrics_df)
plt.title( XGBoost Regression Evaluation Metrics')
plt.ylabel('Value')

plt.show()
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XGBoost MSE: ©.1816779226064682
XGBoost RMSE: ©.42623693247590383
XGBoost MAE: ©.33959218859672546
XGBoost R-squared: ©.22060084342956543

XGBoost Regression Evaluation Metrics

Value

MSE RMSE MAE R?
Metric

Hyperparameter Tuning
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In [22]:

CROSS_CULTURAL_ISSUES _new

# prompt: Linear Regression model hyperparameter Tuning ValueError: Inva
Lid parameter 'normalize' for estimator LinearRegression(). Valid parame
ters are: ['copy X', 'fit_intercept', 'n_jobs', 'positive'].

from sklearn.model_selection import GridSearchCV

# Define the parameter grid for hyperparameter tuning
param_grid = {

"fit_intercept': [True, False],

'copy_X': [True, False],

'"positive’': [True,False],

'n_jobs': [None,1,2]
}

# Create a GridSearchCV object
grid_search = GridSearchCV(estimator=model, param_grid=param_grid, cv=5,
scoring="'neg_mean_squared_error')

# Fit the GridSearchCV object to the data
grid_search.fit(X_train, y_train)

# Print the best hyperparameters and the corresponding score
print("Best hyperparameters:", grid search.best_params_)
print("Best score:", grid_search.best_score_)

# Use the best estimator to make predictions
y_pred_best = grid_search.best_estimator_.predict(X_test)

# Evaluate the model with the best hyperparameters
mse_best = mean_squared_error(y_test, y_pred_best)
rmse_best = math.sqrt(mse_best)

mae_best = mean_absolute_error(y_test, y_pred_best)
r2_best = r2_score(y_test, y_pred_best)

print(f"Best Linear Regression MSE: {mse_ best}")
print(f"Best Linear Regression RMSE: {rmse_best}")
print(f"Best Linear Regression MAE: {mae_best}")
print(f"Best Linear Regression R-squared: {r2_best}")

Best hyperparameters: {'copy X': True, 'fit_intercept': True, 'n_jobs':
None, 'positive': False}

Best score: -0.1837817713245933

Best Linear Regression MSE: ©.17578785881707698

Best Linear Regression RMSE: ©.419270627181391

Best Linear Regression MAE: ©.3657248597737996

Best Linear Regression R-squared: ©.24586933154407142
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In [23]: # prompt: bar chart

# Create a dictionary to store the best model metrics
best_metrics = {

"Metric': ['MSE', 'RMSE', 'MAE', 'R2'],

'Value': [mse_best, rmse_best, mae_best, r2_best]

}

# Create a DataFrame from the best model metrics dictionary
best_metrics_df = pd.DataFrame(best_metrics)

# Create the bar plot for best model metrics
plt.figure(figsize=(8, 6))

sns.barplot(x="'Metric', y='Value', data=best_metrics_df)
plt.title('Best Linear Regression Evaluation Metrics')
plt.ylabel('Value")

plt.show()

Best Linear Regression Evaluation Metrics

Value

MSE RMSE MAE R?
Metric
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In [24]:

CROSS_CULTURAL_ISSUES new
# prompt: Ridge model hyperparameter Tuning

# Define the parameter grid for Ridge regression hyperparameter tuning
param_grid_ridge = {

'alpha': [@.1, 1.8, 18.8], # Try different values for alpha

'solver': ['auto', 'svd', 'cholesky', 'lsgqr', 'sparse_cg', 'sag',
aga'], # explore different solvers

"fit_intercept': [True, False],

'max_iter': [None, 1880, 5000]

'

S

}

# Create a GridSearchCV object for Ridge regression
grid_search_ridge = GridSearchCV(estimator=ridge_model, param_grid=param
_grid_ridge, cv=5, scoring='neg_mean_squared_error')

# Fit the GridSearchCV object to the data
grid_search_ridge.fit(X_train, y_train)

# Print the best hyperparameters and the corresponding score for Ridge r
egression

print("Best hyperparameters for Ridge Regression:", grid_search_ridge.be
st_params_)

print("Best score for Ridge Regression:", grid_search_ridge.best_score_ )

# Use the best Ridge estimator to make predictions
y_pred_ridge_best = grid_search_ridge.best_estimator_.predict(X_test)

# Evaluate the Ridge model with the best hyperparameters
mse_ridge_best = mean_squared_error(y_test, y_pred_ridge_best)
rmse_ridge_best = math.sqrt(mse_ridge_best)

mae_ridge_best = mean_absolute_error(y_test, y_pred_ridge_best)
r2_ridge_best = r2_score(y_test, y_pred_ridge_best)

print(f"Best Ridge Regression MSE: {mse_ridge best}")
print(f"Best Ridge Regression RMSE: {rmse_ridge_best}")
print(f"Best Ridge Regression MAE: {mae_ridge best}")
print(f"Best Ridge Regression R-squared: {r2_ridge_best}")

Best hyperparameters for Ridge Regression: {'alpha': 1.8, 'fit_intercep
t': True, 'max_iter': 1000, 'solver': 'sag'}

Best score for Ridge Regression: -©.18109639381704368

Best Ridge Regression MSE: ©.1746341485309516

Best Ridge Regression RMSE: ©.417892506834509056

Best Ridge Regression MAE: ©.36475447741671113

Best Ridge Regression R-squared: ©.25088187536209714
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In [25]: # prompt: bar chart

import matplotlib.pyplot as plt
import seaborn as sns
import pandas as pd

# Assuming mse_value, rmse_value, mae_value, and r2 are already calculat
ed
# Replace with your actual metric values

# Sample metric values (replace with your actual values)
mse_value = 8.1

rmse_value = 0.316

mae_value = 8.2

r2 = 8.9

# Create a dictionary to store the metrics

metrics = {
‘Metric': ['MSE', 'RMSE', 'MAE', 'R2'],
"Walue': [mse_value, rmse_value, mae_value, r2]

}

# Create a DataFrame from the metrics dictionary
metrics_df = pd.DataFrame(metrics)

# Create the bar plot

plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=metrics_df)
plt.title('Evaluation Metrics')

plt.ylabel('Value')

plt.show()

Evaluation Metrics

0.8

0.6

Value

0.4 1

0.2 1

0.0~

MSE RMSE MAE R2
Metric
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In [26]: # prompt: Support Vector Regression Hyperparameters to Tune

# Define the parameter grid for SVR hyperparameter tuning
param_grid_svr = {
'kernel': ['linear', 'rbf', 'poly'], # Try different kernels
'C': [@.1, 1, 18], # Regularization parameter
'gamma': ['scale', ‘auto', @.1, 1], # Kernel coefficient
'epsilon': [@.01, ©.1, 1] # Epsilon in the epsilon-SVR model
}

# Create a GridSearchCV object for SVR
grid_search_svr = GridSearchCV(estimator=svr_model, param_grid=param_gri
d_svr, cv=5, scoring="neg_mean_squared_error')

# Fit the GridSearchCV object to the data
grid_search_svr.fit(X_train, y_train)

# Print the best hyperparameters and the corresponding score for SVR
print("Best hyperparameters for SVR:", grid_search_svr.best_params_)
print("Best score for SVR:", grid_search_svr.best_score )

# Use the best SVR estimator to make predictions
y_pred_svr_best = grid search_swvr.best estimator_.predict(X_test)

# Evaluate the SVR model with the best hyperparameters
mse_svr_best = mean_squared_error(y_test, y_pred_svr_best)
rmse_svr_best = math.sqrt(mse_svr_best)

mae_svr_best = mean_absolute_error(y_test, y_pred_svr_best)
r2_svr_best = r2_score(y_test, y_pred_svr_best)

print(f"Best SVR MSE: {mse_svr_best}")
print(f"Best SVR RMSE: {rmse_svr_best}")
print(f"Best SVR MAE: {mae_svr_best}")
print(f"Best SVR R-squared: {r2_svr_best}")

Best hyperparameters for SVR: {'C': 1, 'epsilon': 8.1, 'gamma':
‘kernel': 'linear'}

Best score for SVR: -6.18357199454211662

Best SVR MSE: 8.17571135892897663

Best SVR RMSE: 8.41917937798629434

Best SVR MAE: 8.365789825443808656

Best SVR R-squared: ©.24619755871224103

'scale’,
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In [27]:

CROSS_CULTURAL_ISSUES _new
# prompt: bar chart

# Assuming mse _value, rmse_value, mae_value, and r2 are already calculat
ed
# Replace with your actual metric values

# Sample metric values (replace with your actual values)
mse_value = 8.1

rmse_value = 8.316

mae_value = 0.2

r2 = 8.9

# Create a dictionary to store the metrics

metrics = {
"Metric': ['MSE', 'RMSE', 'MAE', 'Rz'],
"Walue': [mse_value, rmse_value, mae_value, r2]

}

# Create a DataFrame from the metrics dictionary
metrics_df = pd.DataFrame(metrics)

# Create the bar plot

plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=metrics_df)
plt.title('Evaluation Metrics')

plt.ylabel('Value')

plt.show()

Evaluation Metrics

0.8

0.6

Value

0.4 1

0.2 1

0.0~

MSE RMSE MAE R2
Metric
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In [28]:

CROSS_CULTURAL_ISSUES _new
# prompt: Lasso Regression Hyperparameter

# Define the parameter grid for Lasso regression hyperparameter tuning
param_grid_lasso = {

'alpha': [@.001, @.01, 8.1, 1, 1€, 1ee], # Try different values for
alpha

'fit_intercept': [True, False],

'max_iter': [1@0@, 5e0e, 100ee], # explore different maximum iterati
ons

'selection': ['cyclic', 'random'] # Explore different feature select
ion methods

}

# Create a GridSearchCV object for Lasso regression
grid_search_lasso = GridSearchCV(estimator=lasso_model, param_grid=param
_grid_lasso, cv=5, scoring='neg_mean_squared_error')

# Fit the GridSearchCV object to the data
grid_search_lasso.fit(X_train, y_train)

# Print the best hyperparameters and the corresponding score for Lasso r
egression

print("Best hyperparameters for Lasso Regression:", grid search_lasso.be
st_params_)

print("Best score for Lasso Regression:", grid_search_lasso.best score )

# Use the best Lasso estimator to make predictions
y_pred_lasso_best = grid_search_lasso.best_estimator_.predict(X_test)

# Evaluate the Lasso model with the best hyperparameters
mse_lasso_best = mean_squared_error(y_test, y pred_lasso_best)
rmse_lasso_best = math.sgrt(mse_lasso_best)

mae_lasso_best = mean_absolute_error(y_test, y_pred_lasso_best)
r2 _lasso_best = r2_score(y_test, y pred_lasso_best)

print(f"Best Lasso Regression MSE: {mse_lasso_best}")
print(f"Best Lasso Regression RMSE: {rmse_lasso_best}")
print(f"Best Lasso Regression MAE: {mae_lasso_best}")
print(f"Best Lasso Regression R-squared: {r2 lasso best}")

# ... (rest of your code)

Best hyperparameters for Lasso Regression: {'alpha': 0.1, 'fit_intercep
t': True, 'max_iter': 1080, 'selection': 'random'}

Best score for Lasso Regression: -0.17297540466642866

Best Lasso Regression MSE: ©.17358049495242686

Best Lassoc Regression RMSE: ©.41662992565636336

Best Lasso Regression MAE: ©.35754910261198874

Best Lasso Regression R-squared: ©.2553389319930208

https::htmtopdf.herokuapp.comfipynbview ertemp/Ob1b5296f4663c35c919cc3f93b02812/CROSS_CULTURAL ISSUES new.htmi?t=173270...  22/31

101



11/27/24, 3:56 PM CROSS_CULTURAL_ISSUES new

In [29]: # prompt: bar chart
# # Assuming mse_value, rmse_value, mae_value, and r2 are already calcul
ated

# Assuming mse_value, rmse_value, mae_value, and r2 are already calculat
ed
# Replace with your actual metric values

# Sample metric values (replace with your actual values)

# These are example values; replace with your actual calculated metrics
mse_value = 8.1

rmse_value = 0.316

mae_value = 8.2

r2 = 8.9

# Create a dictionary to store the metrics

metrics = {
‘Metric': ['MSE!, *RMSE'; 'MAE"; “R2%];
'Value': [mse_value, rmse_value, mae_value, r2]

}

# Create a DataFrame from the metrics dictionary
metrics_df = pd.DataFrame(metrics)

# Create the bar plot

plt.figure(figsize=(8, 6))

sns.barplot(x="'Metric', y='Value', data=metrics_df)
plt.title('Evaluation Metrics')

plt.ylabel('Value')

plt.show()

Evaluation Metrics

0.8

0.6

Value

0.4 1

0.2 1

0.0 -

MSE RMSE MAE R?
Metric
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In [31]: # prompt: XGBoost Hyperparameter turing less parameter and fast run

# Define a smaller parameter grid for faster XGBoost hyperparameter tuni

ng

param_grid xgb = {

}

max_depth': [3, 5],
'learning_rate':

CROSS_CULTURAL_ISSUES new

# Reduced number of depths

[8.1, ©.81], # Reduced Llearning rates
n_estimators': [50, 1@®], # Reduced number of estimators

# Create a GridSearchCV object for XGBoost

grid_search_xgb = GridSearchCV(estimator=xgb_model, param_grid=param_gri
d_xgh, cv=3, scoring="neg_mean_squared_error', verbose=1, n_jobs=-1) # U

sing 3-fold CV, verbose for updates, and all available cores

# Fit the GridSearchCV object to the data
grid_search_xgb.fit(X_train, y_train)

# Print the best hyperparameters and the corresponding score for XGBoost
print("Best hyperparameters for XGBoost:", grid _search_xgb.best params_)
print("Best score for XGBoost:", grid_search_xgb.best score )

# Use the best XGBoost estimator to make predictions

y_pred_xgb_best = grid_search_xgb.best_estimator_.predict(X_test)

# Evaluate the XGBoost model with the best hyperparameters
mse_xgb_best = mean_squared_error(y_test, y_pred_xgb_best)

rmse_xgb_best = math.sqrt(mse_xgb_best)

mae_xgb_best = mean_absolute_error(y_test, y_pred_xgb best)

r2_xgb_best = r2_score(y_test, y_pred_xgb_best)

print(f"Best XGBoost Regression MSE: {mse_xgb best}")

print(f"Best XGBoost Regression RMSE: {rmse_xgb_best}")

print(f"Best XGBoost Regression MAE: {mae_xgb_best}")

print(f"Best XGBoost Regression R-squared: {r2_xgb_best}")

Fitting 3 folds for each of 8 candidates, totalling 24 fits
Best hyperparameters for XGBoost: {'learning_rate': 8.1,

'n_estimators': 58}

Best
Best
Best
Best
Best
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In [32]:

CROSS_CULTURAL_ISSUES _new
# prompt: bar chart

# Assuming mse _value, rmse_value, mae_value, and r2 are already calculat
ed
# Replace with your actual metric values

# Sample metric values (replace with your actual values)
mse_value = 8.1

rmse_value = 8.316

mae_value = 0.2

r2 = 8.9

# Create a dictionary to store the metrics

metrics = {
"Metric': ['MSE', 'RMSE', 'MAE', 'Rz'],
"Walue': [mse_value, rmse_value, mae_value, r2]

}

# Create a DataFrame from the metrics dictionary
metrics_df = pd.DataFrame(metrics)

# Create the bar plot

plt.figure(figsize=(8, 6))

sns.barplot(x="Metric', y='Value', data=metrics_df)
plt.title('Evaluation Metrics')

plt.ylabel('Value')

plt.show()

Evaluation Metrics

0.8

0.6

Value

0.4 1

0.2 1

0.0-

MSE RMSE MAE R:
Metric
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In [5@]: # prompt: before tuning after tunig single combine table all models coma
rative result in models Model MSE RMSE MAE R-squared
sperate by Lline more after point 3 values

import pandas as pd

# Create a dictionary to store the model results
results = {
'Model': ['Linear Regression', 'Ridge Regression', 'Lasso Regressio
n', 'SVR', 'XGBoost'],
'"MSE': [mse_value, mse_ridge, mse_lasso, mse_svr, mse_xgb],
'"RMSE': [rmse_value, rmse_ridge, rmse_lasso, rmse_svr, rmse_xgb],
"MAE': [mae_value, mae_ridge, mae_lasso, mae_svr, mae_xgb],
'R-squared': [r2, r2_ridge, r2_lasso, r2_svr, r2_xgb],
¥
results_df = pd.DataFrame(results)
# After Tuning
results_after = {
'Model': ['Linear Regression', 'Ridge Regression', 'Lasso Regressio
n', 'SVR', 'XGBoost'],
'"MSE': [mse_best,mse_ridge best, mse_lasso best, mse svr_best,mse xg
b_best],
"RMSE": [rmse_best, rmse_ridge best, rmse_lasso_best, rmse_svr_best,
rmse_xgb_best],
'"MAE': [mae_best, mae_ridge best, mae lasso _best, mae_svr_best,mae_x
gb_best],
'"R-squared': [r2_best, r2_ridge best, r2_lasso_best, r2_svr_best, r2
_xgb_best]

results_after_df = pd.DataFrame(results_after)

# Combine the results into a single DataFrame

combined_results = pd.concat([results_df, results_after_df], keys=['Befo
re Tuning', 'After Tuning'], axis=0)

# Format the metrics to display 3 decimal places

for cel in ['MSE', 'RMSE', 'MAE', 'R-squared']:
combined_results[col] = combined results[col].round(2)

combined_results
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11127124, 3:56 PM
out[5e]:

CROSS_CULTURAL_ISSUES_new

Model MSE RMSE MAE R-squared

Before Tuning 0 Linear Regression 0.100 0.316 0.200 0.900
1 Ridge Regression 0176 0419 0.366 0.246

2 LassoRegression 0233 0483 0466 0.000

3 SVR 0176 0419 0.366 0.246

4 XGBoost 0.182 0.426 0.340 0.221

After Tuning 0 Linear Regression 0.176 0419 0.366 0.246
1 Ridge Regression 0175 0418 0.365 0.251

2 LassoRegression 0174 0417 0.358 0.255

3 SVR 0176 0419 0.366 0.246

4 XGBoost 0.173 0416 0.348 0.258
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11/27/24, 3:56 PM

In [1@]:

CROSS_CULTURAL_ISSUES _new
# prompt: Comparison of R2 for all models

import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

# Assuming mse_value, rmse_value, mae_value, r2, and similar variables f
or other models are already defined.
# Replace these with your actual calculated metrics for each model.

# Example metric values (replace these)

mse_values = {'Linear Regression': ©.1, 'Ridge Regression': ©.88, 'lLasso
Regression': ©.12, 'SVR': ©.15, 'XGBoost': @.@5}

r2_values = {'Linear Regression': ©.9, 'Ridge Regression': 8.92, 'lLasso
Regression': ©.88, 'SVR': ©.85, 'XGBoost': 8.95}

# Create a DataFrame for the R-squared values
r2_df = pd.DataFrame({'Model': list(r2_values.keys()), 'R-squared': list
(r2_values.values())})

# Create a bar plot for the R-squared values

plt.figure(figsize=(16, 6))

sns.barplot(x="Model', y='R-squared', data=r2_df)

plt.title( 'Comparison of R-squared for Different Regression Models')
plt.xlabel('Model")

plt.ylabel('R-squared')

plt.ylim(@, 1.8) # Set y-axis Limits to @ and 1

plt.show()

# Create a DataFrame for the MSE values
mse_df = pd.DataFrame({'Model’': list(mse_values.keys()), 'MSE': list(mse
_values.values())})

# Create a bar plot for the MSE values

plt.figure(figsize=(18, 6))

sns.barplot(x="'Model', y="MSE', data=mse_df)
plt.title('Comparison of MSE for Different Regression Models')
plt.xlabel('Model")

plt.ylabel('MSE")

plt.show()
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11/27/24, 3:56 PM CROSS_CULTURAL_ISSUES_new

o Comparison of R-squared for Different Regression Models

0.8 1

0.6 4

R-squared

0.4 1

0.2 1

0.0-
Linear Regression Ridge Regression Lasso Regression SVR XGBoost
Model

Comparison of MSE for Different Regression Models

Linear Regression Ridge Regression Lasso Regression SVR XGBoost
Model
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11/27/24, 3:56 PM CROSS_CULTURAL_ISSUES_new

In [16]: # prompt: After Tuning R-squared
# Linear Regression a.246
# Ridge Regression 8.251
# Lasso Regression @.255
# SVR 8.246
# XGBoost 8.258

# Create a DataFrame for the provided R-squared values
r2_after_tuning = {
'Model': ['Linear Regression', 'Ridge Regression', 'Lasso Regressio
n', "SVR', 'XGBoost'],
'R-squared': [@.246, ©.251, ©.255, 0.246, ©.258]
¥
r2_after_tuning_df = pd.DataFrame(r2_after_tuning)

# Create a bar plot for the R-squared values after tuning
plt.figure(figsize=(10, 6))

sns.barplot(x="Model', y='R-squared', data=r2_after_tuning_df)
plt.title('Comparison of R-squared for Different Regression Models After
Tuning')

plt.xlabel('Model")

plt.ylabel('R-squared’)

plt.ylim(e, 1.8) # Set y-axis Limits to @ and 1

plt.show()

Lo Comparison of R-squared for Different Regression Models After Tuning

0.8 4

0.6 4

R-squared

0.4 1

0.2

0.0 -
Linear Regression Ridge Regression Lasso Regression SVR XGBoost
Model
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11/27/24, 3:56 PM

In [41]:

CROSS_CULTURAL_ISSUES_new

# prompt: before tuning after tunig single combine bar all models comara
tive result in models Model MSE RMSE MAE R-squared

import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

# Sample data (replace with your actual metric values)
data = {
'Model': ['Linear Regression', 'Ridge Regression', 'Lasso Regressio
n', '"SVR', 'XGBoost'],
'MSE_before': [0.2, ©.18, ©.21, .25, 0.15],
"RMSE_before': [0.45, ©.42, 9.46, 8.5, 6.39],
'MAE_before': [6.3, ©.35, 0.32, 0.4, 0.28],
'R2_before': [8.8, .82, 0.79, 8.75, 8.85],
'MSE_after': [0.1, ©.08, 0.11, ©.15, 0.05],
'RMSE_after': [0.32, 9.28, 0.33, 9.39, 0.22],
'MAE_after': [8.2, 0.25, 0.22, 0.3, 0.18],
'R2_after': [0.9, ©.92, ©.89, ©.85, 8.95]

)
df = pd.DataFrame(data)

# Reshape the data for plotting

df_melted = pd.melt(df, id vars="Model', var_name='Metric', wvalue_name
='Value')

df_melted['Stage'] = df_melted['Metric'].str.split('_').str[1] # Extrac
t ‘'before' or 'after’

df_melted[ 'Metric'] = df_melted['Metric'].str.split(’'_').str[@8] # Extra
ct the metric name

# Create the combined bar plot

plt.figure(figsize=(15, 8))

sns.barplot(x="Model', y='Value', hue='Stage', data=df_melted, palette
="viridis")

plt.title('Model Performance Comparison (Before vs. After Tuning)')
plt.ylabel('Value')

plt.xticks(rotation=45, ha='right')

plt.legend(title="Tuning Stage')

plt.tight_layout()

plt.show()
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Model Performance Comparison (Before vs. After Tuning)
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dmport pandas as pd

- -]
H dmport matpletlib. pyplet as plt

Value

# Cregt= = sampls Datafram= (replace with your actual data)
data = {'Model’: [ 'Linear Regressicn', 'Ridpe Regressicon’, 'lLasse Regression', 'SUR', 'X0 Boost'],
'MSE': [@.1@@, @ 176, @.233, A.176, 8.182],
'RMSE': [@.316, .41, 8. 483, 6.419, @.435],
'MAE': [@.208, @ 366, &.465, @.366, @.334],
‘R-squared’: [8.088, @, 246, 6.688, 8. 246, 6.221]}
df = pd.Datafram=(data)

# Create the plot
Fig, & = plt.subplots(fipsire=(18, 511 # Adjust fipure sire if nesded

bar_width = 8.2

# Calculats the = positions for =ach ==t of bars
w_pes = rargel lan(df[ ‘Med=1'17]

w_pos mse = [x - 1.5 % bar_width for = din =_pos]
w_pas_rmse = [w= - B.5 * bar_width for = in =_pas]
m_pos mas = [+ 8.5 * bar_width for = din »_pos])
w pos rd =[x+ 1.5 * bar_width for = in =_pos]

.bar(x_pos_msa, dFf[ 'MSE'], width=bar width, labe=l='MSE')

bar(x_pos rmse, df[ 'PMSE'], width=bar width, label='FMSE']
bar(x_pos ma=, dFf[ 'MAE'], width=bar width, labe=l='MIE')
bar(x_pos_r2, df[’'R-squarad’ ], width=bar_width, labal='R-squarsd'])

Y8y

cmet_rlabell ‘Mad el

s=t_ylabell 'Ualu=']

s=t_titlal 'Medel Parformance Metrics')

set_rticks(x_pos)

se=t_rticklabels(df[ 'Med=1'], retation=45, ha='rdght') * Fetate w-aqdis labels
le=gandl)

plt.tdight_layout()] #=nsur=s =uverything fits without cverlappimg

plt. showl )

SEELE.

Model Performance Metrics

MSE
RMSE
MAE
R-squared

0.8

Model
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[u] dmpart pandas as pd
dmpzrt matplatlib. pyplat as plt

Value

# Create= a sample DataFrame [replace with your actual data)

data = {'Model’: ['Linear Regression’, 'Ridpe Regression’, ‘lassc Regression', 'SURY, 'XOBoost' ],

df

"MSE': [B.176, @.175, @.174, @ 176, @.173],

RMSE: [8.410, @415, 8.417, @419, @ 416],

'MUE': [®.366, @365, @ 355, @366, @.348],

"Remquared': [B.246, 8. 951, B.955, @246, @.258]%
= pd.Dataframe(data)l

# Create the plot
Fip, &~ = plt.subplotsifigsire=(id, 611 #* fdjust fipure sire if nesded

bar_width = 8.2

#F Calculate the = positions for each se=t of bars
w_pos = rargal lan(df[ 'Med=1" 170
w_pos_mse = [n - 1.5 * bar width for = in n_pox]

w_pos_rmse = [x - B.5 * bar_width for =~ in = _pos]

w_pos_ma= = [x 4+ 8.5 * bar width for = in =_pos]
w_pos_rd = [m+ 1.5 * bar_width for = din =_pos]

R

PRR AN

bar(r_pos_ms=, df[ 'MSE'], width=bar_width, lab=l='M3E')
bar(~_ps=_rmsa, dF['FMSE' ], width=bar_width, lab=l='FM5E’]
bar(r_pes_ma=, df[ 'MAE'], width=bar width, labe=l='MAE'])
bar(r~_pe=_r2, df['R-squared'], width=bar width, label='FR-=quar=d']

set_rlabell'Mod=1"

=e=t_ylabel( ' lalu=']

set_titlel( 'Mede=l Performance Metrics')

set_mticks(r_pos]

se=t_mticklabels(df[ 'Med=1'], retatien=45, ha='right') # Rotate w~-aZ-dis labels
leg=rd( ]

plt.tight_layoutl] #ansures =vapything fits without cverlappirg
plt . showl ]

Model Performance Metrics
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121
mport pandas a5 pd
mport matplotlib. pyplot as plt
mport numpy 3= np
From scipy. stats dmport paussian_kde

# Creste a sample Davaframe (replace with gour actual dara)
data = ['Medzl: ['Linear Reg ', 'Ridge Reg ', 'lasm Re *, SR, “MEBeest'],
"MSE': [6.196, 6.175, 6.233, 6.176, 6.182],
CRMSET: [8.316, B.419, § 453, §.419, 5. 426],
'MAE': [6.299, 6.365, 6.465, 6.365, 6.338],
‘Resquared ' [9.968, 9,346, 9.969, §.346, §.221]}
df = pd.DavaFramedaca)

# Ganerate sample predictions for sach modsl (replace with your actual pradictiens)

np. random. sead (42) # For reproducibilicy

pradiction
‘Lin=an Regression’: np.random. mermal(loc=h.S, scalesh.l, sizesifn),
‘Ridge Regression’: np.randem.normaliloc=h. 6, scale=d.lS, sizesifn),
‘Lasm Regressien’: np.randem.normaliloc=d.7, scale=d.2, mize=106),
"SUR': np.random. nermal(lecsh. 6, scalesh.lS, mire=1oe),
“MEBsost’: np.randem.momal(loc=h. 65, scale=d 12, size=idn)

H

# Creste the plot
plt.figure(figsize=12, 61)

For medel dn df[ Mod=l' ]:
prad = prafictions[medel]
denzity = gaussian kdelprad)
® = np. Lingpace(min(prad), ma<(prad), 291
Flt.plot(x, density(), labelsf"{model} (MSE={df.loc[df[ Med=l | == medel, "MSE'].values[8]:.37], PMSE=[d¥.loc[d¥[ ‘Med=l'] == medel, "FMSE'].walues[8]:.3}, MAE=[d¥.loc[d¥[ 'Mod=l'] == medel, 'MAE'] values[8]:.3f], R-squared=

plt .wlabell Predictdsn’)

plt . ylabell Density']

plt.tirle('Medel Pradictions with KDE')
plt.leend(loc="upper right ') # adjust location as neaded
plt grid(True, alphasi 5)

plt. show()

Model Predictions with KDE

Linear Regression (MSE=0.100, RMSE=0.316, MAE=0.200, R-squared=0.900)
Ridge Regression (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
Lasso Regression (MSE=0.233, RMSE=0.483, MAE=0.466, R-squared=0.000)
SVR (MS5E=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)

XGBoost (MSE=0.182, RMSE=0.426, MAE=0.340, R-squared=0.221)

T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 14
Prediction
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Density

mport pandas as pd
mport matpletlib. pyplot as ple
mpart numpy =s np

From sedpy stats dmport gaussdan_kde

# Creste a sample Dataframe (replace with your actual data)
data = {'Medel': [Linear Regression’, 'Ridge Regression’, ‘lasss Reg *, CSUR', CWEBoesmt' ],
MSE': [8.176, 6.175, B.17d, 8.176, 8.173],
'RMSE': [6.416, B 418, 6 417, B 413, @ 6],
'MAE': [9.366, 6.365, §.35%, §.366, 0.3E],
‘R-squared’: [8.346, 9,251, §.255, 8 36, 6 255]}
df = pd DataFrame(data)

# Ganerate sample pradictions fer sach mde=l (replace with yeur actual pradictiens)
np. random. seed(42) # for reproducibility
pradictions = {

‘Linear Regression’: np.randem. nermal(loc=h.S, scale=d. 1, sizeslén),

‘Ridge Regression': np.rardom mrmal{loc= 6, scalesh 15, sizesifi),

‘Lass: Regressien': np.random.momaliloc=s.7, scale=d. 2, sizes1oe),

“SUR': np.random. normal{loc=h. 6, scale=d. 15, size=1oe),

"MBoost': np.randem. normal{locsh 65, scalesi 12, sire=1A8)

H

# Creste the plat
Tigure(figsize=(12, 5))

3

Far model in df[ Model' |
prad = pradictions[medel]
density = paussian_kde(prad)
w = np linspaca(minipred], maprad), %)
Plt.plot(x, densityx), label=f"{model] (MSE={df.loc[df[ 'Mod=l'] == model, "MSE'|.ualues[d]: 3F], RMSE=[df.loc[df[ Model'] == model, 'FMSE'] walues[]:.3F}, MAE={df. loc[df[ Model'] == model, "MAE'].values[8]:.37}, R-sjuar

plt.mlabel( Pradiceien’)

plt.ylabel( ‘Dansity’)

plt titlel ‘Model Fredictians with KDE')

plt. lepend(loc="upper right'] # adjust locavien as nesfed
plt.grad(True, alphass. 51

Pl showl )
Model Predictions with KDE
Linear Regression (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
) Ridge Regression (MSE=0.175, RMSE=0.418, MAE=0.365, R-squared=0.251)

Lasso Regression (MSE=0.174, RMSE=0.417, MAE=0.358, R-squared=0.255)
SVR (MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
XGBoost (MSE=0.173, RMSE=0.416, MAE=0.348, R-squared=0.258)

T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Prediction
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+ Performance Metrics ifeer Hyperpsramecer Tumirg
data sfeer = ['Model': ['Linear Regressian’, ‘Ridge Regression’, 'Lasss Regreszisn’, 'SIR', “SiSsem’],
MSE': [8.176, 8.175, 8.17, 8.175, 8.173],
"RMSE': [0.418, 8.31B, 8.417, ©.418, 8.416],
‘MAE': [8.386, 8,365, 0.358, 0.365, 8.395],
‘Resquared': (8,246, 5251, B.255, 6246, 8.255]}
4F_afeer = pd DataFrame(dats_afeer)

b C ]

# Generate sample prafictions (replace with your actusl prefictions)

np. random. se=d(42)

prafictions_before = (mdeli np.random. memal(loc=d.5 + & + 6.1, scalesh 1, mize=tod) for 4, mdel in enumerare(df_before] ‘Model 1]
pradictions_after = {mdel: np.random. mormal(loc=d 6 + 4 * .05, scalesd 1, mize=tfd) for 3, mdel in cnumerabe(df_fter| Model’ 1}

plt . figuraifigsiras(15, 5))

For 4, model dn cnumerate(df_before] Hodel' 1)
# Before Tunirg
pral = prafictions_before[md=1]
denzity = gaussian_kde(prad
w = np.linspace(min(prai), ma«pred), %5)
Plt plot(x, density(], labelst"{model] (Before - MSE={df_before loc[df_before] ‘Model'] == model, 'MSE'] walues(a]: 3], FHSE={df_before loc[df_before] Mod=l'] == model, 'FSE' | walues(a]: 3], MiE=(df_before loc[df_before[ ‘Model'] == madel, 'MIE'] nal
# Miter Tunig
4f model in df_after] Model' ] values
prad = prafictions_after(md=1]
denzity = gaussian_kde(pred)
w = np.linspace(min(prad), maipred), 26}
Pt plot(w, demsity(sc), labels"{mdel} (Witer - MSE={df_after loc[df_afeer] ‘Model ] == model, 'MSE'] walues[8]: 3}, FMSE={df_after Joc[df_sfeer( ‘Model'] == model, 'AMSE’ | uslues(8]: 3}, MAE={df_after loc[df_after] ‘Model | == model, ‘MRE'] waluer
+ ¥GEeomt (Wfeer Tundmg only)
if “iBoast’ din df_after| Model'] ualues
prad = pradictions_aften] M5Boost' ]
density = paussian el prad)
= np. linspace(min(prad), ma:pred), 20}
plt plot(x, density(s), labelsF"WiBoost (ifter - MSES[df_aiter loc[4f_afeer| Model'] == 'WBoost’, 'MSE'] ualues[d]: 3}, FMSES(df_after loc[df afeer| Model'] == ‘XSBoom', 'PMSE'] walues[8]: 3}, MAE{df_sfrer. loc[df_afeer('Model'] == ‘XiBoom', 'MAE']

plt.rlabel(Pradiction’)
plt.ylabel( Density")

Model Predictions with KDE (Before and After Hyperparameter Tuning)

1
—=- Linear Regression (Before - MSE=0.100, RMSE=0.316, MAE=0.200, R-squared=0.900)
—— Linear Regression (After - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
—=—- Ridge Regression (Before - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
41 —— Ridge Regression (After - MSE=0.175, RMSE=0.418, MAE=0.365, R-squared=0.251)
——- Lasso Regression (Before - MSE=0.233, RMSE=0.483, MAE=0.466, R-squared=0.000)}
—— Lasso Regression (After - MSE=0.174, RMSE=0.417, MAE=0.358, R-squared=0.255)
- SVR (Before - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
—— SVR (After - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
XGBoost (After - MSE=0.173, RMSE=0.416, MAE=0.348, R-squared=0.258)
34
=
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! 1] e s [9.500, 8.36€, 0.466, 8.3681,
z : [B.200, B.366, B.466, B.366],
'R-squared': [B,998, 8,246, 0.088, 6.246]}
df_before = pd.DataFrameddata_before)

# Performance Metrics after Wyperparameter Tuning
data_after = {'Model': ['Linear Regression', 'Ridge Regression', 'Lasso Regression', 'SWR', 'xGBoost'],
'MSE': [@.176, B.175, 6.174, B.176, 8.173],
RMSE': [8.419, 8.418, 9.417, 0.419, 0.416],
'MBE': [B.366, B.365, B.358, B.366, @.348],
'R-squared's [8.296, 8,251, @.255, 9.246, 9.258]}
df_after = pd.DataFrame{data_sfter)

# Genergte sample predictions (replace with your actual predictions)

np.random, seed(42)

predictions_before = {model: np.random.normal (loc=2.5 + 1 * @.1, scale<d.l, size=184) for 1, model in enumerate(df_before['Model'])
predictions_after = {model: np.random.normal{loc=.6 + 1 * .05, scale<d.l, size=184) for 1, model in enumerate(df_after['mModel'])}

plt.figure(figsize=(15, §))

for 1, model in enumerate(df_before['wmodsl']):
# Before Tuning
pred = predictions_before[model]
density = gaussian_kdeipred)
¥ = np.linspace(min(pred), macipred), 208}
plt.plot(x, density(x), label=f"{model} (Before - MSE={df_before,loc[df_before['Model'] == model, '®MSE'].values[d]:.3f}, RMSE={df_before.loc[df_before['wodel'] == model, 'RMSE'].values[@]:.3f}, MAE=]df_befor

# After Tuning
if model in df_after['wodel'].values:
pred = predictions_sfter[model]
density = gaussian_kde(pred)
X = np.linspace(minipred), ma<(pred), @)
plt.plotix, densityi(x), label=f"{model} {&fter - WmSE={df_after.loc[df_after['wodel'] == model, 'MSE'].walues[@]:.:f}, RMSE={df_after.loc[df after['todel'] == model, 'RMSE'].values[d]:.3f}, MaE={df_after.

Model Predictions with KDE (Before and After Hyperparameter Tuning)

1
——~ Linear Regression (Before - MSE=0.100, RMSE=0.316, MAE=0.200, R-squared=0.900)
—— Linear Regression (After - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
——- Ridge Regression (Before - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
4 —— Ridge Regression (After - MSE=0.175, RMSE=0.418, MAE=0.365, R-squared=0.251)
——- Lasso Regression (Before - MSE=0.233, RMSE=0.483, MAE=0.466, R-squared=0.000)
—— Lasso Regression (After - MSE=0.174, RMSE=0.417, MAE=0.358, R-squared=0.253)
- SVR (Before - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
—— SVR (After - MSE=0.176, RMSE=0.419, MAE=0.366, R-squared=0.246)
XGBoost (After - MSE=0.173, RMSE=0.416, MAE=0.348, R-squared=0.258)
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Value

# SWER B.18% 8,432 8,375 8,235
# X¥oBoost 8.178 8,422 9.368 @, 255
# har plot

import pandas as pd
import matplotlib.pyplot as plt

# Provided data
data = {'model': ['Linear Regression', 'Ridge Regression', 'Lasso Regression', 'SWR', 'XGBoost'],
'Mean MSE': [@.1%), @.185, @.183, &.18%, @.178],
'Mean RMSE': [8.436, ©.430, @.424, §.433, 0.422],
'Mean MAE': [B.375, B.37@, B.365, B.375, @.368],
'Mgan R-squared': [B.239, @.245, 9.250, @.235, @,255]}
df = pd.DataFrameidata)

# Create the bar plot

& = odf.ploti{x="rodel', kind='bar', figsize=(18, E))

plt.xlabel('model' )

plt.ylabel(' value')

plt.title('cross-validation Performance metrics')

plt.xticks{rotation=4c, ha='right'}

plt.legend{loc="upper center', bbox_to_anchor={8.%5, -8.15), ncol=5) # adjust legend position
plt.tight_layout ()

plt.show()

Cross-Validation Performance Metrics
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