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ABSTRACT

This study investigates the complex challenges faced by leadership during post-merger
and acquisition (M&A) integration within the software industry and explores how AI-
powered Business Intelligence (BI) tools can support strategic decision-making, oper-
ational efficiency, quality maintenance, and process improvements. Additionally, it ex-
amines the ethical implications of using such tools in organizational decision-making.

Using quantitative research design, multiple linear regression and independent sam-
ples t-tests were applied to assess the impact of three main independent variable groups
which are M&A integration factors, AI-powered BI tool capabilities, and ethical con-
siderations on key organizational performance outcomes. The findings reveal that
cultural challenges are the most significant barriers to successful integration, consis-
tently affecting decision-making effectiveness, quality consistency, and operational ef-
ficiency. Conversely, BI capabilities such as data consolidation, real-time insights,
and communication support were found to significantly enhance organizational perfor-
mance post-M&A. Ethical factors, particularly data transparency and clear governance,
also contributed meaningfully to effective strategic decision-making and quality out-
comes.

The research concludes that while M&A integration challenges can undermine or-
ganizational success, their impact can be mitigated through targeted use of AI-powered
BI tools and adherence to ethical practices. The study offers actionable recommenda-
tions for integrating BI systems and ethical governance into M&A strategies, contribut-
ing both to academic understanding and real-world application in the context of digital
transformation.

Keywords: Post M&A integration, AI-powered BI tools, post-merger challenges, strategic
decision-making, operational efficiency, ethics, software industry, business intelligence

iv



TABLE OF CONTENTS

Declaration of the Candidate & Supervisor i

copyright statement ii

Acknowledgement iii

Abstract iv

Table of Contents v

List of Figures ix

List of Tables x

List of Appendices xii

1 Introduction 1

1.1 Background 1

1.2 Motivation 1

1.3 Problem Statement 2

1.3.1 Key Challenges 2

1.4 Research Scope 2

1.4.1 Post-M&A Integration Challenges 3

1.4.2 AI-powered BI Tools and Data-Driven Decision Making 3

1.4.3 Opportunities for Process Improvement and Maintaining Quality 3

1.4.4 Ethical Implications of AI in Strategic Decision-Making 3

1.4.5 Industry Focus: Software Companies in M&A 3

1.5 Research Objectives 4

1.5.1 Identify the challenges faced by leadership during the post-

M&A integration process 4

1.5.2 Evaluate how AI-powered BI tools support leadership in mak-

ing data-driven decisions during post-M&A integration 4

1.5.3 Develop set of best practices for leveraging AI-powered BI to

enhance M&A integration processes within the software industry 4

v



1.5.4 Assess the ethical considerations and implications of using AI-

powered BI tools in strategic decision-making post-M&A 4

1.6 Research Gap 5

2 Literature Review 6

2.1 Challenges in Post Mergers and Acquisitions 6

2.1.1 Common Challenges 6

2.1.2 Data Integration Challenges in Mergers and Acquisitions 7

2.1.3 Navigating Post-M&A IT Integration Challenges and Strate-

gies for Large-Scale Enterprises 8

2.2 AI-powered BI tools and their capabilities 8

2.2.1 AI-powered BI tools 9

2.2.2 Analysis on AI-powered BI tools capabilities 9

2.3 AI-Powered Business Intelligence for Efficient Integration of Software

Teams 11

2.4 The Role of AI in Business Intelligence 11

2.5 AI in Decision Making 12

2.6 Ethical considerations 13

3 Research Methodology 15

3.1 Research Problem 15

3.2 Research Method 15

3.3 Data Collection 16

3.4 Population and Sample Selection 16

3.5 Process of Data Collection 17

3.6 Variables of the Study 17

3.6.1 Independent Variables 18

3.6.2 Dependent Variables 18

3.7 Conceptual / Theoretical Framework 19

3.7.1 Conceptual Framework 19

3.7.2 Hypothesis 19

4 Data Analysis 21

4.1 Demographic Analysis 21

vi



4.1.1 Usage of AI-powered business intelligence tools 21

4.1.2 Participation of post-M&A integration processes 22

4.1.3 Number of M&A transactions the organization has been in-

volved with in the past 5 years 22

4.1.4 Current role in the organization 23

4.1.5 AI-powered Business Intelligence (BI) tools 23

4.1.6 Investing in AI-powered Business Intelligence (BI) tools 23

4.2 Hypothesis Testing 24

4.2.1 Objective 1: Identify the challenges faced by leadership during

the post-M&A integration process 24

4.2.2 Objective 2: Evaluate how AI-powered BI tools support lead-

ership in making data-driven decisions during post-M&A in-

tegration 31

4.2.3 Objective 3: Develop a set of best practices for leveraging AI-

powered BI to enhance M&A integration processes within the

software industry 35

4.2.4 Objective 4: Assess the ethical considerations and implications

of using AI-powered BI tools in strategic decision-making post-

M&A 38

4.3 Independent Sample T-Test 42

4.3.1 Findings 43

4.3.2 Summary 43

4.4 Summary of Hypothesis Testing 44

4.5 Discussion 44

4.5.1 Addressing Leadership Challenges During Post-M&A Integra-

tion 44

4.5.2 AI-Powered BI Tools as Enablers of Strategic Decision-Making

and Integration 44

4.5.3 Developing Best Practices for BI Use in the Software Industry 46

4.5.4 The Role of Ethical Considerations in AI and BI Usage 46

vii



5 Recommendations and Conclusion 47

5.1 Conclusion 47

5.1.1 Key Findings by Research Objective 47

5.1.2 Overall Contribution 48

5.2 Recommendations 48

5.2.1 Prioritize Cultural Integration in post M&A Planning 48

5.2.2 Deploy AI-Powered BI Tools Early in the M&A Lifecycle 49

5.2.3 Build Ethical AI and BI Governance Frameworks 49

5.2.4 Use BI Insights to Design Repeatable, Scalable Processes 49

5.2.5 Tailor BI Tools to the Software Industry’s Agile Environment 50

References 51

Appendix A Questionnaire 53

A.1 Demographic & Background Information 53

A.2 Factors Influencing Strategic Decision-Making 53

A.2.1 Please rate your agreement with the following statements (AI-

Powered BI Tool Capabilities) 53

A.2.2 Please rate your agreement with the following statements (M&A

Integration Factors) 53

A.2.3 Please rate your agreement with the following statements (Eth-

ical Considerations) 54

A.3 Outcomes of Strategic Decision-Making 54

A.3.1 Please rate your agreement with the following statements (

Strategic Decision-Making Effectiveness) 54

A.3.2 Please rate your agreement with the following statements (Op-

erational Efficiency) 54

A.3.3 Please rate your agreement with the following statements (Qual-

ity Maintenance) 54

A.3.4 Please rate your agreement with the following statements (Pro-

cess Improvements) 54

A.4 Best Practices for Using AI-Powered BI in Post-M&A Integration 55

A.5 Future Outlook & Recommendations 55

viii



LIST OF FIGURES

Figure Description Page

Figure 2.1 Analysis of BI Tool Capabilities 10
Figure 3.1 Conceptual / Theoretical Framework 19
Figure 4.1 Research Survey - Current role in the organization distribution 23
Figure 4.2 Research Survey - AI-powered Business Intelligence (BI) tools distri-

bution 24
Figure 4.3 Research Survey - Investing in AI-powered Business Intelligence (BI)

tools distribution 24

ix



LIST OF TABLES

Table Description Page

Table 3.1 Hypothesis 20
Table 4.1 Research Survey - Usage of AI-powered business intelligence tools dis-

tribution 21
Table 4.2 Research Survey - Participation of post-M&A integration processes dis-

tribution 22
Table 4.3 Research Survey - Number of M&A transactions the organization has

been involved with in the past 5 years distribution 22
Table 4.4 M&A Integration Factors - Questions and Variables 25
Table 4.5 one-sample T-test H1A 25
Table 4.6 one-sample T-test Descriptives H1A 26
Table 4.7 Decision-Making Effectiveness - Questions and Variables 26
Table 4.8 Linear Regression Model Summary H1B 27
Table 4.9 Anova H1B 27
Table 4.10 Coefficients H1B 28
Table 4.11 Quality Maintenance - Questions and Variables 28
Table 4.12 Linear Regression Model Summary H1C 28
Table 4.13 Anova H1C 29
Table 4.14 Coefficients H1C 29
Table 4.15 Operational Efficiency - Questions and Variables 30
Table 4.16 Linear Regression Model Summary H1D 30
Table 4.17 Anova H1D 30
Table 4.18 Coefficients H1D 31
Table 4.19 AI-Powered BI Tool Capabilities - Questions and Variables 32
Table 4.20 Linear Regression Model Summary H2A 32
Table 4.21 Anova H2A 33
Table 4.22 Coefficients H2A 33
Table 4.23 Process Improvements - Questions and Variables 34
Table 4.24 Linear Regression Model Summary H2B 34
Table 4.25 Anova H2B 34
Table 4.26 Coefficients H2B 34
Table 4.27 Linear Regression Model Summary H3A 36
Table 4.28 Anova H3A 36
Table 4.29 Coefficients H3A 36
Table 4.30 Linear Regression Model Summary H3B 37

x



Table 4.31 Anova H3B 37
Table 4.32 Coefficients H3B 38
Table 4.33 Ethical Considerations - Questions and Variables 39
Table 4.34 Linear Regression Model Summary H4A 39
Table 4.35 Anova H4A 40
Table 4.36 Coefficients H4A 40
Table 4.37 Linear Regression Model Summary H4B 41
Table 4.38 Anova H4B 41
Table 4.39 Coefficients H4B 41
Table 4.40 Independent Sample T-Test 42
Table 4.41 Independent Sample T-Test Assumption Checks 42
Table 4.42 Independent Sample T-Test Descriptive 43
Table 4.43 Summary of Hypothesis Testing Results 45

xi

14-08-2025



LIST OF APPENDICES

Appendix Description Page

Appendix -A Questionnaire 53

xii



CHAPTER 1

INTRODUCTION

1.1 Background

The rapid pace of technological advancement has led to a surge in mergers and acquisi-
tions (M&A) within the software industry according to the PwC’s 27th Annual Global
CEO Survey [1]. As companies seek to expand their market share, enhance product
offerings, and gain a competitive edge, M&A activities have become a strategic imper-
ative.

In recent years, the software industry has witnessed a surge in mergers and acqui-
sitions, leading to the rapid growth and diversification of many companies. However,
the successful integration of acquired companies and their respective software sys-
tems poses significant challenges. As organizations expand their product portfolios
and integrate diverse teams, they face significant challenges in maintaining operational
efficiency, ensuring quality, and fostering a positive corporate culture.

One such challenge is the integration of disparate data sources and systems. With
each acquisition, new data sources and tools are introduced, making it difficult to
gain a unified view of the organization’s operations. This data fragmentation hin-
ders decision-making and hampers efforts to identify trends, optimize processes, and
improve overall performance.

To address these challenges, many organizations are turning to AI-powered busi-
ness intelligence (BI) tools. These tools can help to integrate data from various sources,
automate data cleaning and preparation, and generate actionable insights. By leverag-
ing AI, organizations can gain a deeper understanding of their operations, identify
areas for improvement, and make data-driven decisions.

This research aims to explore the potential benefits of AI-powered BI in integrating
diverse product teams and improving operational efficiency in a fast-growing software
company. By examining the specific challenges faced by such companies, this research
will investigate how AI-powered BI can be used to address these challenges and drive
positive results.

1.2 Motivation

As a rapidly growing software company undergoing frequent mergers and acquisitions
(20 acquisitions in just 7 years), we face significant challenges in integrating diverse
product teams and improving operational efficiency. The increasing complexity of
software systems and the need for efficient integration further exacerbate these chal-
lenges.
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To address these issues, this research aims to explore how AI-powered business
intelligence (BI) can be leveraged to streamline M&A processes, optimize resource
allocation, and make informed strategic decisions. By harnessing the power of AI, we
can unlock the full potential of our diverse teams and drive innovation and growth.

1.3 Problem Statement

The rapid pace of mergers and acquisitions has led to challenges in integrating diverse
product teams, streamlining operations, and managing the complexity of software sys-
tems. The disparate data sources and varying operational processes hinder our ability
to gain useful insights and make data-driven decisions. These issues have resulted in
inefficiencies, delayed synergies, and underutilized team capabilities

1.3.1 Key Challenges

1.3.1.1 Integration of Diverse Teams

Seamlessly merging product teams from different companies with varying cultures,
processes, and tools.

1.3.1.2 Operational Inefficiency

Identifying and addressing bottlenecks in the development process to optimize re-
source utilization and delivery timelines.

1.3.1.3 Data Disparity

Unifying data from diverse sources and formats to enable comprehensive analysis and
reporting.

1.3.1.4 Lack of Real-time Insights

Timely access to actionable insights to inform strategic decisions and respond to emerg-
ing trends.

1.4 Research Scope

This research focuses on examining the role of AI-powered Business Intelligence (BI)
tools in enhancing strategic decision-making and improving integration processes for
software companies during and after Mergers and Acquisitions (M&A).
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1.4.1 Post-M&A Integration Challenges

The research will explore the specific challenges faced by leadership in integrating di-
verse product teams, systems, and organizational cultures following M&A activities. It
will analyze how operational, cultural, and technological differences impact decision-
making, resource allocation, and the ability to maintain high-quality outcomes during
the integration process.

1.4.2 AI-powered BI Tools and Data-Driven Decision Making

The research will investigate how AI-driven BI tools consolidate data from multiple
and often disparate sources. The scope will cover how these tools assist leadership in
extracting actionable insights that inform strategic decisions, prioritize resources, and
improve operational efficiency post-acquisition.

It will also assess the capability of AI-powered BI tools to offer predictive analytics
and real-time reporting to guide leadership through the challenges of the integration
phase.

1.4.3 Opportunities for Process Improvement and Maintaining Quality

This study will focus on how AI-powered BI tools can help identify inefficiencies,
bottlenecks, and areas for improvement within the integration process. The research
will explore how these tools can be leveraged to optimize business operations while
maintaining or improving product and service quality during the transition period.

1.4.4 Ethical Implications of AI in Strategic Decision-Making

The scope will also encompass the ethical considerations surrounding the use of AI-
powered BI tools, particularly in the context of sensitive data management, decision
transparency, and algorithmic fairness. It will explore how AI tools may unintention-
ally perpetuate bias, as well as the potential ethical concerns related to data privacy,
accountability, and transparency during the integration process.

1.4.5 Industry Focus: Software Companies in M&A

The research will be primarily focused on the software industry, given the unique chal-
lenges faced by companies undergoing frequent mergers and acquisitions in a fast-
evolving technological landscape. While the findings may have broader applicabil-
ity, the study will emphasize how AI-powered BI tools can be applied within soft-
ware organizations to enhance post-M&A integration, resource allocation, and strate-
gic decision-making.
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1.5 Research Objectives

The primary goal of this research is to explore the role of AI-powered Business Intel-
ligence (BI) tools in enhancing strategic decision-making and improving integration
processes for post-software Mergers and Acquisitions (M&A). Specifically, this re-
search aims to investigate how AI-driven BI supports leadership in making data-driven
decisions, prioritizing resource allocation, and identifying opportunities for process
improvements while maintaining high-quality outcomes during and after the M&A
process.

1.5.1 Identify the challenges faced by leadership during the post-M&A integra-
tion process

Investigate the operational, cultural, and technological challenges leaders face when
integrating diverse teams, systems, and processes.

Assess how these challenges affect decision making, resource allocation, and op-
erational quality maintenance during and after the integration phase.

1.5.2 Evaluate how AI-powered BI tools support leadership in making data-
driven decisions during post-M&A integration

Analyze how AI-driven BI tools consolidate data from multiple sources to provide
actionable insights for leadership.

Explore how these insights help to make informed decisions related to resource
prioritization, process optimization, and overall strategic alignment.

1.5.3 Develop set of best practices for leveraging AI-powered BI to enhance
M&A integration processes within the software industry

Identify inefficiencies, bottlenecks, and areas for improvement within the integration
process.

Optimizing business operations while maintaining or improving product and ser-
vice quality.

1.5.4 Assess the ethical considerations and implications of using AI-powered BI
tools in strategic decision-making post-M&A

Evaluate potential concerns around data privacy, algorithmic bias, and transparency in
AI-driven insights.

Propose ethical guidelines and practices for using AI tools responsibly to ensure
fairness, accountability, and data integrity in the decision-making process.
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1.6 Research Gap

While there is a growing body of research on AI and BI, there is a need for more
specific research on the application of AI-powered BI in the context of rapidly growing
software companies undergoing frequent mergers and acquisitions. This research aims
to fill this gap by investigating the specific challenges faced by such companies and
proposing solutions based on AI-powered BI.
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CHAPTER 2

LITERATURE REVIEW

2.1 Challenges in Post Mergers and Acquisitions

Post-merger integration (PMI) is a critical yet complex phase of any M&A process,
often determining the success or failure of the deal. Literature consistently identifies a
range of challenges organizations face during this transitional period. These challenges
are not only technical or operational but also deeply cultural and human-centric, influ-
encing both the short-term functionality and long-term performance of the combined
entity.

2.1.1 Common Challenges

2.1.1.1 Cultural Clash

Cultural incompatibility is one of the most cited obstacles in PMI. Differences in or-
ganizational values, leadership styles, work ethics, and communication norms can cre-
ate tension between teams from the merging entities. These cultural disparities often
lead to misalignment in decision-making, employee dissatisfaction, and resistance to
change. As noted in [2], cultural friction can significantly delay integration timelines
and impact morale if not proactively managed.

2.1.1.2 Technology Integration

The integration of IT systems is another formidable hurdle, particularly in software or
tech-centric mergers. Merging disparate platforms, databases, and infrastructure in-
troduces technical complexity and can interrupt operations if not executed with care.
Bridgepoint Consulting [3] highlights that a lack of unified data systems and incom-
patible technologies often leads to reduced efficiency, data loss, or increased costs.

2.1.1.3 Leadership and Governance

Establishing a unified leadership structure and clear governance mechanisms is essen-
tial for effective oversight during integration. M&A Community stresses that unclear
roles, leadership overlap, or failure to define accountability can create internal power
struggles and delay strategic alignment [4].
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2.1.1.4 Communication Issues

Effective communication is vital during PMI to maintain transparency, manage expec-
tations, and reduce anxiety among stakeholders. Poor or inconsistent messaging can
fuel rumors, misinformation, and employee disengagement. M&A Community under-
scores the importance of multi-level communication strategies to maintain trust and
clarity during transition [4].

2.1.1.5 Employee Retention

Employee attrition is a major risk during M&A, particularly when staff feel uncertain
about their future roles, compensation, or job security. According to [2], retention
issues are exacerbated by lack of transparent communication and cultural mismatch,
often resulting in the loss of key talent.

Together, these challenges emphasize the multifaceted nature of PMI and the need
for strategic, human-centric, and technology-supported integration planning.

2.1.2 Data Integration Challenges in Mergers and Acquisitions

Data integration remains one of the most technically demanding aspects of post-merger
operations. When organizations merge, they inherit disparate data sources, legacy sys-
tems, and incompatible data structures. As highlighted by Enholm et al. [5], key barri-
ers to successful data integration include poor data quality, heterogeneous IT environ-
ments, and the lack of a unified data governance framework. These obstacles not only
impede strategic decision-making but can also delay value realization from the merger
[5].

AI-powered data integration platforms have emerged as effective tools to stream-
line this process. These platforms automate essential tasks such as data cleaning, nor-
malization, and entity resolution, thereby improving the reliability and usability of
integrated data sets. Noriega and Pourrahimian [6], further emphasize how AI-driven
process mining techniques can detect inefficiencies and provide actionable recommen-
dations by analyzing both historical and real-time data.

Predictive analytics, another key benefit of AI in data integration, helps organi-
zations anticipate market trends, customer behavior, and operational risks. Through
advanced modeling techniques, these tools enable proactive rather than reactive strate-
gies during the post-M&A period. Additionally, automating routine tasks such as data
aggregation and report generation through Robotic Process Automation (RPA) in con-
junction with AI, as discussed in a 2024 industry report by Trigyn Technologies, allows
human analysts to focus on higher-level strategic activities [7].

Moreover, the ability of AI-powered BI dashboards to deliver real-time insights is
essential in fast-paced environments where timely decision-making is crucial. These

7



tools not only enhance situational awareness but also allow organizations to adapt more
quickly to dynamic market demands and operational shifts [8].

Together, these technologies form the foundation of a modern, data-centric inte-
gration strategy that can greatly enhance operational efficiency and alignment during
mergers and acquisitions.

2.1.3 Navigating Post-M&A IT Integration Challenges and Strategies for Large-
Scale Enterprises

Namperumal et al. [9], explore the critical role of IT integration in the success of
mergers and acquisitions (M&A), focusing on large-scale enterprises where complex
IT ecosystems pose significant challenges. The study identifies key hurdles in post-
M&A IT integration, such as divergent IT architectures, incompatible data manage-
ment systems, and disparate enterprise applications. To address these issues, the au-
thors propose strategies like creating unified IT integration roadmaps, standardizing
data management protocols, and implementing interoperable enterprise applications.

The research emphasizes the importance of governance structures, stakeholder in-
volvement, and effective communication during integration. Advanced technologies,
including enterprise architecture frameworks (e.g., TOGAF and Zachman) and data
integration tools (e.g., ETL processes and data warehousing), are evaluated for their
role in facilitating seamless IT alignment.

Through case studies of recent M&A transactions, the paper highlights common
pitfalls such as delays, cost overruns, and system incompatibilities, offering insights
into best practices for overcoming these challenges. The authors also stress the sig-
nificance of managing organizational change, fostering collaboration between IT and
business units, and addressing resistance to change, ensuring both technical and orga-
nizational alignment.

This study provides valuable insights into the complexities of post-M&A IT inte-
gration, offering practical guidance for achieving operational efficiency and organiza-
tional cohesion. Its findings contribute to the broader discourse on IT project manage-
ment in M&A scenarios and highlight the interplay of technical and human factors in
driving successful outcomes.

2.2 AI-powered BI tools and their capabilities

In today’s data-driven world, selecting the right Business Intelligence (BI) tools and
vendors is crucial for organizations seeking to unlock the full potential of their data.
With a myriad of options available in the market, it is essential to evaluate each tool’s
features, capabilities, and suitability for specific business needs. This part of the liter-
ature review aims to provide an overview of some leading BI tools and vendors, along
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with an insightful analysis to aid in decision making.

2.2.1 AI-powered BI tools

The following are the major AI-powered Business Intelligence (BI) tools identified
through the literature review, commonly used across industries for data-driven decision-
making and post-M&A integration support.

• Microsoft Power BI

• Google Looker Studio

• Excel

• Tableau

• Qlik Sense

• Domo

• SAP BusinessObjects

• Zoho Analytics

• Sisense

2.2.2 Analysis on AI-powered BI tools capabilities

This study considered nine leading BI tools and their respective vendors. Each of these
platforms showcases innovative features that contribute to enhancing and streamlining
the decision-making processes across various organizational contexts.

The Figure 2.1 presents a comparative analysis of major AI-powered Business In-
telligence (BI) tools identified through the literature review. These tools vary in func-
tionality, ease of use, integration capabilities, visualization quality, cost, and suitabil-
ity for different organizational contexts. Understanding these differences is critical for
organizations navigating post-merger integration, as the choice of BI platform can sig-
nificantly influence decision-making effectiveness, operational efficiency, and strategic
alignment. This comparison serves as a practical guide to evaluate which tools best fit
specific business needs, particularly in dynamic and data-driven environments like the
software industry.

The comparative analysis of widely adopted BI tools reveals significant diversity
in functionality, user experience, and suitability depending on organizational needs.
Power BI[10] stands out as a leading solution for enterprises requiring advanced an-
alytics and data visualization capabilities. It offers intuitive dashboards, wide data

9



Fig. 2.1: Analysis of BI Tool Capabilities

integration, and a freemium model, making it highly accessible for large-scale deploy-
ments. Tableau[11] similarly positions itself as a data visualization leader, praised for
its polished and interactive visuals, although it may come with a steeper learning curve
and higher costs.

Excel[12] remains a familiar tool, especially for data manipulation and reporting,
but its limited data integration and basic visualizations make it less suitable for ad-
vanced BI needs. Meanwhile, Google Looker Studio[13] provides lightweight, free
visualization options and is best suited for small teams working within the Google
ecosystem. Qlik Sense[14] and Sisense[15] cater to enterprise-level analytics with
strong data handling capabilities, though they require a greater degree of customiza-
tion and technical knowledge.

Other tools such as Domo[16] and SAP BusinessObjects[17] are designed for more
technical or enterprise-level use, offering seamless cloud integration and ERP-focused
reporting, respectively. Zoho Analytics[18], on the other hand, is a more user-friendly
and affordable option, ideal for small to mid-sized businesses (SMBs) looking for na-
tive cloud BI solutions.

Overall, the selection of a BI platform should align with an organization’s scale,
technical expertise, and analytical needs. For software companies navigating post-
M&A integration, choosing a tool that balances ease of use, integration capability, and
visualization power, while also aligning with agile workflows is critical to ensuring
successful strategic decision-making.
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2.3 AI-Powered Business Intelligence for Efficient Integration of Soft-
ware Teams

Namperumal et al. [9], examined the critical role of Business Intelligence (BI) and
project coordination in successfully integrating software teams following mergers and
acquisitions (M&A). The paper highlights that large-scale IT and software team in-
tegrations are among the most challenging components of post-M&A activities due
to disparate systems, varied work cultures, and differing development practices. The
authors emphasize the use of AI-powered BI tools as a strategic enabler to overcome
these integration barriers by enhancing visibility, standardizing workflows, and align-
ing goals across merging entities.

The study points out that AI-enhanced BI solutions help software leaders iden-
tify performance gaps, streamline communication, and monitor integration progress
through centralized dashboards. These systems enable predictive insights that allow
for proactive risk mitigation, particularly in tracking project delays, resource misal-
location, and team misalignment. The authors argue that when leveraged correctly,
AI-powered BI facilitates not only operational alignment but also cultural synchro-
nization across software development teams, contributing to smoother transitions and
higher post-M&A productivity.

Namperumal et al. [9] conclude that the successful integration of software teams
post-M&A is no longer solely dependent on manual project management techniques
but increasingly relies on intelligent systems that provide real-time insights, automate
reporting, and support agile collaboration. Their findings reinforce the growing need
for technology-driven integration strategies, making AI-powered BI an indispensable
tool in post-M&A environments where time, accuracy, and adaptability are paramount.

2.4 The Role of AI in Business Intelligence

Rane et al. [19] provides a comprehensive analysis of how artificial intelligence (AI) is
fundamentally reshaping the landscape of Business Intelligence (BI). The authors ar-
gue that AI is no longer a supplementary enhancement to BI systems, but rather a core
driver of their evolution. Traditional BI systems were historically limited to descriptive
analytics, generating insights based on past data. However, the integration of AI, espe-
cially machine learning, natural language processing, and intelligent automation—has
enabled BI platforms to advance toward predictive and prescriptive analytics.

The study highlights that AI-enabled BI systems can automatically detect patterns,
anomalies, and trends in vast and complex datasets, thus reducing the burden on hu-
man analysts and enhancing real-time decision-making. One of the key observations
made by the authors is that AI empowers BI tools to move beyond static dashboards to
become dynamic, learning systems that continuously adapt based on new data inputs.
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This transformation significantly improves the speed, accuracy, and strategic value of
decisions made across business functions.

Rane et al. [19] also emphasize that the synergy between AI and BI leads to
more proactive and data-informed organizational cultures. For instance, AI algorithms
can prioritize KPIs, forecast market changes, and recommend operational adjustments
without manual intervention. The paper underscores how this is particularly critical
in fast-moving and data-intensive sectors such as the software industry, where post-
merger integration decisions must be both agile and informed by real-time intelligence.

Adding depth to this perspective, Enholm et al. [5] conducted an extensive litera-
ture review on the intersection of artificial intelligence and business value, emphasizing
how AI technologies embedded within BI infrastructures contribute to strategic advan-
tage. Their study highlights that the value of AI in BI is not solely technical but also or-
ganizational and contextual. They identify that AI can generate business value through
improved data-driven culture, more adaptive decision-making frameworks, and better
alignment between operational execution and strategic intent.

Importantly,Enholm et al. [5] point out that the integration of AI into BI is most
effective when organizations simultaneously adapt their structures, leadership models,
and data governance practices. Without such alignment, the potential of AI-enhanced
BI to generate real business value can remain unrealized. Their work reinforces the
idea that AI-driven BI is not a plug-and-play technology, but a transformative capabil-
ity that requires both technological and organizational readiness.

Together, the findings of [19] and [5] underscore that AI is not merely augment-
ing traditional BI, it is redefining it. The integration of AI into BI platforms enables
deeper analytics, faster insights, and more agile decision-making capabilities that are
especially critical in complex, time-sensitive environments such as post-M&A integra-
tion in the software industry.

2.5 AI in Decision Making

Kaggwa et al. [20] provide a comprehensive examination of the transformative role of
artificial intelligence (AI) in contemporary business decision-making, highlighting its
growing influence on strategic and operational processes. The authors argue that AI
technologies are no longer supplementary tools but have become integral to shaping
competitive business strategies. The study emphasizes how AI enhances decision-
making by offering real-time insights, predictive analytics, and data-driven recom-
mendations, thereby enabling organizations to respond more swiftly and accurately to
market changes and operational complexities.

Particularly relevant to the post-merger and acquisition (M&A) context, the au-
thors note that AI-powered tools support leaders in navigating uncertainty by reducing
cognitive biases and improving the quality of strategic choices. They highlight the
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synergy between AI and Business Intelligence (BI) platforms, explaining that when
integrated effectively, these tools allow for the consolidation of data across functional
silos, identification of bottlenecks, and proactive risk management—key components
for successful post-M&A integration. The research further emphasizes that organi-
zations embracing AI-enabled BI systems are better positioned to foster innovation,
improve operational agility, and sustain long-term performance. This aligns strongly
with the present study’s focus on how AI-powered BI capabilities can support strategic
decision-making during post-M&A integration within the software industry.

Building on this perspective, article [21] explores how AI augments traditional BI
by enabling more dynamic, real-time, and context-aware decision-making. The authors
argue that AI-driven BI represents a fundamental shift from static reporting to intel-
ligent forecasting and pattern recognition, which empowers organizations to optimize
processes and anticipate future trends. Their findings emphasize the increasing impor-
tance of integrating AI algorithms within BI ecosystems to unlock deeper insights and
automate decision workflows. This is especially crucial in post-M&A environments,
where rapid access to accurate, unified data can determine the success or failure of
integration efforts. Together, these studies reinforce the view that AI-powered BI tools
are essential for modern decision-making frameworks and provide a strong theoretical
basis for investigating their role in enhancing post-M&A integration in the software
industry.

2.6 Ethical considerations

Osasona et al. [22] provide a critical exploration of the ethical implications of using ar-
tificial intelligence (AI) in decision-making processes. In their study, the authors argue
that while AI offers powerful tools for enhancing business intelligence and strategic de-
cisions, it also introduces significant ethical concerns that organizations must address.
These include issues of data privacy, algorithmic bias, transparency, and accountability
all of which become increasingly complex in high-stakes contexts such as post-merger
integration.

The study emphasizes that when AI systems operate without transparency or clear
reasoning, they can reduce stakeholder confidence, particularly if the decisions they
produce appear biased, unjust, or difficult to explain. Osasona et al. [22] emphasize
the need for ethical governance frameworks to guide AI deployment, including clear
guidelines, bias audits, and inclusive model training practices. They further recom-
mend ongoing employee training to build awareness and accountability around re-
sponsible AI use. This aligns closely with the current research, which positions ethical
considerations as a critical independent variable influencing the effectiveness of strate-
gic decision-making in post-M&A environments. Incorporating ethical oversight into
AI-powered BI tool usage not only safeguards stakeholder interests but also strength-
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ens the legitimacy and sustainability of data-driven decisions. The insights from this
study underscore the importance of balancing technological advancement with ethical
responsibility in modern organizational contexts.

Complementing these findings, [23] examines both the transformative potential and
the ethical risks of AI in modern business contexts. He highlights that as organizations
increasingly rely on AI for critical strategic decisions, the need for ethical oversight
becomes more urgent. Kiradoo [23] identifies several key challenges such as data mis-
use, loss of human oversight, and ethical blind spots resulting from over-reliance on
automation. He argues that ethical lapses in AI implementation not only affect inter-
nal operations but can also lead to reputational damage and regulatory scrutiny. The
study calls for integrating ethical considerations early in the AI design and deployment
lifecycle to ensure alignment with organizational values and societal norms.

Together, these studies reinforce the view that ethical considerations are not op-
tional but essential in the deployment of AI-powered BI tools, especially in sensitive,
high-impact scenarios such as post-merger integration. By embedding transparency,
fairness, and accountability into BI systems, organizations can safeguard the integrity
of decision-making and foster long-term stakeholder trust.
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CHAPTER 3

RESEARCH METHODOLOGY

This chapter outlines the research methodology adopted to investigate the challenges
faced by leadership during post-merger integration (PMI), the role of AI-powered Busi-
ness Intelligence (BI) tools in supporting organizational performance, and the ethical
implications of their use in strategic decision-making. The methodology was designed
to align with the research objectives, ensuring a structured and reliable approach to
data collection, analysis, and interpretation.

At the initial stage of the study, a comprehensive literature review was conducted to
gain an in-depth understanding of the theoretical and empirical foundations surround-
ing M&A integration, BI capabilities, and ethical considerations in digital transforma-
tion. This review helped identify research gaps, refine the study’s objectives, and the
development of the research framework and hypotheses.

To address the research questions and test the hypotheses, a quantitative research
design was employed. This approach allowed for objective measurement of the rela-
tionships between independent variables (M&A integration challenges, BI tool capa-
bilities, and ethical considerations) and dependent variables (strategic decision-making
effectiveness, operational efficiency, quality maintenance, and process improvements).

Data was collected through a structured survey targeting IT leaders and managers
within the software industry, key stakeholders in both M&A integration and data-
driven decision-making. Statistical techniques, including multiple linear regression
and independent samples t-tests, were applied to analyze the data and assess the sig-
nificance and strength of the hypothesized relationships.

The remainder of this chapter details the research problem, research method, data
collection, population and sample selection, and the process of data collection.

3.1 Research Problem

The rapid pace of mergers and acquisitions has led to challenges in integrating diverse
product teams, streamlining operations, and managing the complexity of software sys-
tems. The disparate data sources and varying operational processes hinder our ability
to gain useful insights and make data-driven decisions. These issues have resulted in
inefficiencies, delayed synergies, and underutilized team capabilities.

3.2 Research Method

This study used a quantitative research approach to explore the role of AI-powered
Business Intelligence (BI) tools in strategic decision-making during post-merger and
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acquisition (M&A) integration within the software industry. A preliminary literature
review was conducted to gather existing insights and identify research gaps related
to M&A challenges, BI capabilities, and ethical considerations. Data was collected
through a structured survey targeting IT leaders and managers, then analyzed using
statistical techniques.

3.3 Data Collection

Data for this study was collected through a structured questionnaire designed to cap-
ture insights from professionals in the software industry. The survey targeted IT lead-
ers, managers, and decision-makers involved in post-merger integration processes, as
they are directly engaged with both strategic planning and the implementation of AI-
powered Business Intelligence (BI) tools. The questionnaire included closed-ended
items measured using a five-point Likert scale, covering areas such as integration chal-
lenges, BI tool capabilities, ethical considerations, and organizational outcomes. Also,
it included some open-ended optional questions. The survey was distributed via pro-
fessional networks, email, and digital platforms, with voluntary participation ensuring
ethical compliance.

3.4 Population and Sample Selection

The target population for this study consists of leadership and management personnel
from software companies that have undergone mergers and acquisitions (M&A) within
the last 5 to 10 years. This includes individuals involved in strategic, operational, and
technological decision-making, such as executives, department heads, and IT man-
agers. The focus on software companies reflects the industry’s high M&A activity and
its reliance on technology-driven integration strategies.

A stratified random sampling method was employed to ensure appropriate rep-
resentation across different organizational roles (e.g., leadership, operations, IT) and
company sizes. This approach increases the reliability and generalizability of the find-
ings by accounting for potential variation in post-M&A integration experiences across
subgroups.

Based on industry data in [24], the North American software sector experienced
over 39,000 M&A deals between 2013 and the first half of 2023 (Aventis Advisors Re-
port, 2023). With an estimated 15,600 unique acquiring companies and the assumption
of approximately 10 leadership and management personnel per company, the estimated
leadership population in North America is 156,000 individuals.

Using Krejcie and Morgan’s Sample Size Table and assuming a 95% confidence
level, the recommended minimum sample size for this population is 384 respondents.
This sample size ensures statistical reliability and allows for valid hypothesis testing
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and generalization of results.
The target sample size for this study was 384 respondents. To reach this target, the

survey questionnaire was distributed across multiple platforms, including professional
networks, email lists, and online forums relevant to the software industry. Despite
these efforts, a total of 263 complete responses were received.

This shortfall reflects a common challenge in survey-based research non-response,
particularly among high-level professionals. In this case, the relatively low response
rate may be attributed to the demanding schedules of leadership and management per-
sonnel, who often have limited time to engage with academic surveys. Nevertheless,
the obtained sample size remains substantial and suitable for statistical analysis, pro-
viding meaningful insights into the research objectives.

3.5 Process of Data Collection

The data collection process began with the design of a structured questionnaire based
on research objectives, literature review, and identified hypotheses. The questionnaire
included multiple-choice, open-ended, and Likert-scale questions to collect both quan-
titative and qualitative data. The survey was developed using a five-point Likert scale
to measure perceptions related to M&A integration challenges, AI-powered BI tool
capabilities, ethical considerations, and organizational performance outcomes. Prior
to distribution, the questionnaire was reviewed for clarity and relevance with the su-
pervisor.

The finalized survey was distributed electronically via multiple channels, including
professional LinkedIn groups, email invitations, and internal communication networks.
The targeted respondents were leadership and management personnel within software
companies that had undergone M&A activity in the last 5–10 years. To maximize
reach, participants were also encouraged to share the survey with relevant peers and
colleagues.

Data collection was conducted with periodic reminders issued to increase participa-
tion. A total of 263 valid responses were collected, representing a diverse cross-section
of roles, company sizes, and M&A experiences. All data was anonymized and stored
securely to ensure confidentiality and ethical compliance.

This approach provided a robust dataset reflecting the opinions and experiences of
industry professionals, forming a solid foundation for further analysis and hypothesis
testing.

3.6 Variables of the Study

This study is based on a conceptual framework developed through a comprehensive
literature review, identifying key variables that influence organizational performance
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during post-merger and acquisition (M&A) integration. The research examines the
relationships between independent and dependent variables to test the proposed hy-
potheses.

3.6.1 Independent Variables

The independent variables represent the primary factors expected to influence post-
M&A performance outcomes. These include

3.6.1.1 AI-powered BI Tool Capabilities

Refers to the functionalities of AI-driven business intelligence systems, including data
consolidation, real-time insights, bottleneck identification, and communication sup-
port.

3.6.1.2 M&A Integration Factors

Encompasses the challenges associated with post-merger integration, such as cultural
misalignment, technological incompatibilities, process inconsistencies, and resource
allocation issues.

3.6.1.3 Ethical Considerations

Involves the presence of ethical frameworks guiding the use of AI and data, including
transparency, bias mitigation, employee training, and clear governance guidelines.

3.6.2 Dependent Variables

The dependent variables represent the organizational outcomes expected to be influ-
enced by the independent variables.

3.6.2.1 Strategic Decision-Making Effectiveness

Assesses how well leadership is supported in making timely, data-driven, and forward-
looking decisions post M&A integration.

3.6.2.2 Operational Efficiency

Measures the improvement in timelines, performance, and process streamlining fol-
lowing M&A integration.

3.6.2.3 Quality Maintenance

Evaluates the consistency and satisfaction of product/service quality post-integration.
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3.6.2.4 Process Improvements

Refers to enhancements in organizational workflows, repeatability, and responsiveness
as a result of integration and BI tool implementation.

3.7 Conceptual / Theoretical Framework

3.7.1 Conceptual Framework

The conceptual framework for this study has been developed based on an extensive
review of literature related to post-merger integration (PMI), AI-powered Business
Intelligence (BI) tools, and ethical considerations in strategic decision-making. The
framework in figure 3.1 visually maps how each independent variable contributes to
one or more dependent variables.

Fig. 3.1: Conceptual / Theoretical Framework

3.7.2 Hypothesis

Based on the theoretical model formulated in figure 3.1, the study outlines a set of
hypotheses that represent the relationships among the identified variables. These hy-
potheses are presented in Table 3.1.
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TABLE 3.1: HYPOTHESIS

Hypothesis Num Hypothesis
H1A Leadership encounters significant operational, cultural, technological,

and resource-related challenges during post-M&A integration
H1B Post-M&A integration challenges negatively affect strategic decision-

Making Effectiveness
H1C Post-M&A integration challenges adversely impact the ability to main-

tain consistent product/service quality
H1D Post-M&A integration challenges negatively influence operational effi-

ciency
H2A AI-powered BI tools enhance leadership decision-making by consoli-

dating data and generating real-time, actionable insights
H2B The use of AI-powered BI tools contributes to process improvements

during post-M&A integration
H3A AI-powered BI tools help maintain high-quality outcomes post-M&A

by identifying integration bottlenecks and inefficiencies
H3B AI-powered BI tools improve operational efficiency by identifying and

addressing process inefficiencies during integration
H4A Ethical and transparent use of AI-powered BI tools enhances the quality

and effectiveness of strategic decision-making post-M&A
H4B Ethical use of AI-powered BI tools supports the maintenance of quality

standards during post-M&A integration
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CHAPTER 4

DATA ANALYSIS

This chapter provides a detailed analysis of the data collected through the structured
questionnaire administered during the study. It presents the key findings derived from
the responses and offers a critical interpretation of the observed patterns and trends.
Furthermore, the chapter includes the statistical results obtained, which serve to sup-
port the research objectives and contribute to addressing the research questions. The
analysis aims to offer meaningful insights that form the foundation for the subsequent
discussion and conclusions of the study.

Statistical analysis was conducted using JASP version 0.19.3.0, an open-source
software that offers functionality comparable to that of SPSS. JASP provides a user-
friendly interface for performing a wide range of statistical tests, making it a suitable
alternative for data analysis in this study.

4.1 Demographic Analysis

This section presents the demographic profile of the respondents who participated in
the study. The purpose of this analysis is to provide context about the backgrounds,
roles, and organizational environments of the participants, which contributes to un-
derstanding the relevance and applicability of the research findings. The data was
gathered through a structured survey targeting leadership and management personnel
within software companies that have experienced M&A activities within the last 5–10
years.

4.1.1 Usage of AI-powered business intelligence tools

As represented in Table 4.1, 63.5% of the respondents were BI users, 13.7% were
planning to implement BI tools and 22.9% were non-BI users.

This distribution highlights the strong prevalence of BI adoption among leadership
and management professionals in the software industry, reflecting the growing reliance
on data-driven systems in post-M&A environments.

TABLE 4.1: RESEARCH SURVEY - USAGE OF AI-POWERED BUSINESS
INTELLIGENCE TOOLS DISTRIBUTION

BI Tool Usage Frequency Percent Valid Percent Cumulative Percent
No 60 22.814 22.814 22.814
Planning to implement 36 13.688 13.688 36.502
Yes 167 63.498 63.498 100.000
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4.1.2 Participation of post-M&A integration processes

It is observed that 68.9% of respondents are post-merger and acquisition participants
while 31.1% of respondents are not participated to the post merge and acquisitions
according to the table 4.2.

This distribution suggests that a significant majority of the sample has direct ex-
perience with M&A integration, providing relevant insights into the challenges, tools,
and decision-making practices associated with post-M&A environments. The pres-
ence of non-participant responses also allows for comparative perspectives within the
analysis.

TABLE 4.2: RESEARCH SURVEY - PARTICIPATION OF POST-M&A
INTEGRATION PROCESSES DISTRIBUTION

M&A Participation Frequency Percent Valid Percent Cumulative Percent
No 82 31.179 31.179 31.179
Yes 181 68.821 68.821 100.000

4.1.3 Number of M&A transactions the organization has been involved with in
the past 5 years

Table 4.3 represents the number of M&A transactions the organization has been in-
volved with in the past 5 years. The results show that 32.7% of respondents have made
1 to 2 transactions, 19% of respondents have made 3 to 5 transactions, 30.1% respon-
dents have made more than 5 transactions while 18.2% of respondents haven’t done
any transaction within their working organization during the last 5 years.

This distribution demonstrates a diverse range of M&A exposure across the sample,
offering valuable insight into how experience levels may influence strategic decision-
making and BI tool usage post-integration.

TABLE 4.3: RESEARCH SURVEY - NUMBER OF M&A TRANSACTIONS THE
ORGANIZATION HAS BEEN INVOLVED WITH IN THE PAST 5 YEARS

DISTRIBUTION

M&A Trans Count Frequency Percent Valid Percent Cumulative Percent
1-2 86 32.700 32.700 32.700
3-5 50 19.011 19.011 51.7111
More than 5 79 30.038 30.038 81.749
None 48 18.251 18.251 100.000
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4.1.4 Current role in the organization

According to Figure 4.1, 30% of respondents were Mid-level managers, 27.8% re-
spondents were Analyst/consultant, 21.3% respondents were senior managers, 9.9%
respondents were CEO/Executive based on their job roles. Others are holding differ-
ent positions in the organization.

This distribution reflects a well-rounded representation of hierarchical perspec-
tives, allowing the study to capture insights from both strategic decision-makers and
operational-level professionals involved in post-M&A integration.

Fig. 4.1: Research Survey - Current role in the organization distribution

4.1.5 AI-powered Business Intelligence (BI) tools

According to Figure 4.2, respondents reported using a variety of AI-powered Business
Intelligence (BI) tools within their organizations. The most widely adopted tool was
Power BI, used by 61.6% of respondents, indicating its strong market presence and
user preference. Excel was the second most common tool, utilized by 34.5%, followed
by SAP Business Objects (14.3%) and Tableau (13.3%). Other tools such as Zoho
Analytics (10.8%), Google Looker Studio (7.4%), and Sisense (3%) also showed mod-
erate usage. A few respondents reported using tools like Qlik Sense, Domo, Grafana,
Pyramid Analytics, and CoPilot, each with usage rates of less than 3%.

These results suggest a strong preference for mainstream, user-friendly platforms
like Power BI and Excel, while also indicating emerging diversity in BI tool adoption
across the industry.

4.1.6 Investing in AI-powered Business Intelligence (BI) tools

As shown in Figure 4.3, a significant portion of respondents expressed confidence
in the continued use of AI-powered Business Intelligence (BI) tools for post-M&A
decision-making. Specifically, 55.1% of respondents indicated that their organizations
are “likely” to continue investing in such tools, while 25.9% stated it is “very likely.”

23



Fig. 4.2: Research Survey - AI-powered Business Intelligence (BI) tools distribution

An additional 16% remained neutral, suggesting some uncertainty or conditional com-
mitment. Only a small fraction of respondents viewed further investment as unlikely
(2%) or very unlikely (1%).

These findings demonstrate a strong overall inclination toward sustained or in-
creased reliance on AI-powered BI tools in the strategic decision-making processes
following mergers and acquisitions.

Fig. 4.3: Research Survey - Investing in AI-powered Business Intelligence (BI) tools
distribution

4.2 Hypothesis Testing

4.2.1 Objective 1: Identify the challenges faced by leadership during the post-
M&A integration process

The objective is to identify the operational, cultural, and technological challenges lead-
ers face when integrating diverse teams, systems, and processes during the post-merger
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and acquisition (M&A) integration process.
Leaders must also assess how these challenges affect decision-making, resource

allocation, and the maintenance of operational quality during and after the integration
phase, as they can lead to increased uncertainty, strained resources, and potential de-
clines in performance. Understanding these obstacles is crucial for ensuring effective
leadership and maintaining stability and quality throughout the integration process.

M&A Integration Factors is used as independent variable for the Hypothesis H1A,
Hypothesis H1B, Hypothesis H1C and Hypothesis 1D. Table 4.4 represents the rele-
vant questions used in questionnaire and variable names used in the analysis.

TABLE 4.4: M&A INTEGRATION FACTORS - QUESTIONS AND VARIABLES

Question
No

Variable used in analysis Question

2.1 MNA_Cultural_Challenges Post-M&A integration presents significant cul-
tural challenges within our teams

2.2 MNA_Tech_Alignment_Issues We face technological difficulties in aligning
systems after M&A

2.3 MNA_Process_Differences Operational processes often differ significantly
between merging entities

2.4 MNA_Resource_Allocation Resource allocation is a challenge during the in-
tegration phase of M&A

4.2.1.1 Hypothesis H1A: Leadership encounters significant operational, cultural,
technological, and resource-related challenges during post-M&A inte-
gration

A one-sample t-test was conducted to evaluate whether leaders perceive post-merger
and acquisition (M&A) integration challenges, including cultural, technological, pro-
cess, and resource-related issues, as significantly impactful. The test compared mean
responses to a neutral test value of zero, assuming higher scores would reflect a greater
presence of these challenges.

TABLE 4.5: ONE-SAMPLE T-TEST H1A

t df p Cohen’s d SE Cohen’s d
MNA_Cultural_Challenges 69.897 262 < .001 4.310 0.198
MNA_Tech_Alignment_Issues 69.936 262 < .001 4.312 0.198
MNA_Process_Differences 75.245 262 < .001 4.640 0.211
MNA_Resource_Allocation 77.218 262 < .001 4.761 0.217

According to the table 4.5, each of the four dimensions had extremely significant
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t-values (p < .001) and very large effect sizes (Cohen’s d > 4.3), which indicates excep-
tionally strong agreement among respondents about the severity of these challenges.

TABLE 4.6: ONE-SAMPLE T-TEST DESCRIPTIVES H1A

N Mean SD SE Coeff. of variation
MNA_Cultural_Challenges 263 4.057 0.941 0.058 0.232
MNA_Tech_Alignment_Issues 263 3.810 0.883 0.054 0.232
MNA_Process_Differences 263 3.992 0.860 0.053 0.216
MNA_Resource_Allocation 263 3.951 0.830 0.051 0.210

According to the table 4.6, all four challenge categories scored well above the
mid-scale neutral point, indicating that respondents generally perceive these issues as
prominent.

Hypothesis H1A is supported. Leadership and management personnel from soft-
ware companies that have undergone M&A in the last 5–10 years perceive cultural,
technological, process, and resource integration challenges as highly significant. These
results emphasize the need for structured integration planning and leadership alignment
during post-M&A phases to ensure successful transition and strategic execution.

4.2.1.2 Hypothesis H1B: Post-M&A integration challenges negatively affect strate-
gic decision-Making effectiveness

• Independent Variable - M&A Integration Factors

• Dependent Variable - Decision-Making Effectiveness

Table 4.7 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

TABLE 4.7: DECISION-MAKING EFFECTIVENESS - QUESTIONS AND
VARIABLES

Question
No

Variable used in analysis Question

4.1 Decision_Timely_Support AI-powered BI tools support timely strategic
decisions during M&A integration

4.2 Decision_Data_Driven Leadership decisions are more data-driven due
to insights from BI tools

4.3 Decision_Planning_Improved Our strategic planning has improved with the
implementation of AI-powered BI

A linear regression analysis was conducted to assess the impact of M&A integra-
tion factors specifically cultural challenges, technological alignment issues, process
differences, and resource allocation on strategic decision-making effectiveness.
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TABLE 4.8: LINEAR REGRESSION MODEL SUMMARY H1B

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.504 0.254 0.243 0.669 0.254 4 258 <.001

According to the table 4.8, the regression model yielded an R value of 0.504, in-
dicating a moderate positive correlation between the set of predictors and the depen-
dent variable. The coefficient of determination (R!) was 0.254, suggesting that ap-
proximately 25.4% of the variance in strategic decision-making effectiveness can be
explained by the four integration challenge variables. The adjusted R! was 0.243, re-
flecting a slight reduction when accounting for the number of predictors included in
the model.

The Root Mean Square Error (RMSE) was 0.669, indicating the average deviation
of predicted values from observed scores. The change in R! was 0.254, as this model
represents the first block of predictors entered. The model had degrees of freedom df1
= 4 (predictors) and df2 = 258 (residual), corresponding to an effective sample size.

Importantly, the overall regression model was highly statistically significant (p
< .001), indicating that the observed relationship between M&A integration chal-
lenges and strategic decision-making effectiveness is very unlikely to have occurred by
chance. While the proportion of explained variance (25.4%) is moderate in behavioural
and organisational research contexts, it demonstrates that integration challenges ac-
count for a meaningful share of the variation in decision-making effectiveness. The
remaining variance (approximately 74.6%) is attributable to other unmeasured factors.

TABLE 4.9: ANOVA H1B

Model Sum of Squares df Mean Square F p
Regression 39.349 4 9.837 21.980 < .001
Residual 115.471 258 0.448
Total 154.820 262

According to the table 4.9, the ANOVA confirms that the regression model is sta-
tistically significant (p < .001), with the predictors jointly contributing to the variation
in the outcome variable.

According to the table 4.10, Significant Predictors

• MNA_Cultural_Challenges (𝜔 = 0.437, p < .001)

This confirms that only cultural factors had a statistically significant effect on de-
cision making effectiveness. This means the more severe the cultural challenges, the
more negatively decision-making is impacted.

Hypothesis H1B is supported. Post-M&A integration challenges particularly cul-
tural issues, significantly affect the decision-Making Effectiveness.
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TABLE 4.10: COEFFICIENTS H1B

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.921 0.047 82.729 < .001
M1 (Intercept) 2.128 0.217 9.798 < .001
MNA_Cultural_Challenges 0.357 0.069 0.437 5.164 < .001
MNA_Tech_Alignment_Issues -0.067 0.071 -0.078 -0.951 0.342
MNA_Process_Differences 0.012 0.086 0.013 0.138 0.890
MNA_Resource_Allocation 0.141 0.086 0.152 1.637 0.103

4.2.1.3 Hypothesis H1C: Post-M&A integration challenges adversely impact the
ability to maintain consistent product/service quality

• Independent Variable - M&A Integration Factors

• Dependent Variable - Quality Maintenance

Table 4.11 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

TABLE 4.11: QUALITY MAINTENANCE - QUESTIONS AND VARIABLES

Question
No

Variable used in analysis Question

6.1 Quality_Consistent Our organization maintains consistent prod-
uct/service quality during post-M&A integra-
tion

6.2 Quality_Issues_Identified BI insights help identify quality issues early in
the integration process

6.3 Quality_Customer_Satisfaction We are able to uphold customer satisfaction
throughout M&A transitions

A linear regression analysis evaluated whether integration challenges predict the
ability to maintain product or service quality following a merger and acquisition.

TABLE 4.12: LINEAR REGRESSION MODEL SUMMARY H1C

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.477 0.227 0.215 0.645 0.227 4 258 <.001

According to the table 4.12, the correlation coefficient (R) of 0.477 indicates a
moderate relationship between the integration challenge factors and quality mainte-
nance. The model’s coefficient of determination (R!) is 0.227, meaning that approxi-
mately 22.7% of the variance in the organization’s ability to maintain consistent quality
is explained by the four integration factors. The adjusted R! value of 0.215 accounts
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for the number of predictors and provides a more conservative estimate of the model’s
explanatory power.

The Root Mean Square Error (RMSE) is 0.645, reflecting the average difference
between the observed and predicted values of quality maintenance.

The model included 4 predictor variables (df1 = 4) and 258 degrees of freedom for
residuals (df2 = 258), based on a total sample size. The overall regression model was
statistically significant (p < .001), indicating a very low likelihood that the observed
relationship occurred by chance.

TABLE 4.13: ANOVA H1C

Model Sum of Squares df Mean Square F p
Regression 31.536 4 7.884 18.964 < .001
Residual 107.259 258 0.416
Total 138.795 262

According to the table 4.13, the ANOVA confirms that the regression model is valid
and statistically significant.

TABLE 4.14: COEFFICIENTS H1C

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.849 0.045 85.765 < .001
M1 (Intercept) 2.127 0.209 10.163 < .001
MNA_Cultural_Challenges 0.228 0.067 0.294 3.418 < .001
MNA_Tech_Alignment_Issues 0.006 0.068 0.007 0.083 0.934
MNA_Process_Differences 0.066 0.083 0.078 0.789 0.431
MNA_Resource_Allocation 0.130 0.083 0.148 1.573 0.117

According to the table 4.14, Significant Predictor

• MNA_Cultural_Challenges (𝜔 = 0.294, p < .001)

Among the four factors, only cultural challenges significantly predicted quality
inconsistency, indicating cultural misalignment plays a central role in undermining
quality.

Hypothesis H1C is supported. Post-M&A integration challenges, particularly cul-
tural issues, significantly affect quality maintenance.

4.2.1.4 Hypothesis H1D: Post-M&A integration challenges negatively influence
operational efficiency

• Independent Variable - M&A Integration Factors

• Dependent Variable - Operational Efficiency
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Table 4.15 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

TABLE 4.15: OPERATIONAL EFFICIENCY - QUESTIONS AND VARIABLES

Question
No

Variable used in analysis Question

5.1 Efficiency_Timelines_Improved Integration timelines have improved due to in-
sights from BI tools

5.2 Efficiency_Process_Streamlined AI-powered BI tools help streamline redundant
processes

5.3 Efficiency_Performance_Increased Post-M&A operational performance has in-
creased with the use of BI insights

Linear regression analysis conducted to assess how cultural, technical, process,
and resource-related integration issues affect operational efficiency in merged software
companies.

TABLE 4.16: LINEAR REGRESSION MODEL SUMMARY H1D

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.425 0.181 0.168 0.708 0.181 4 258 <.001

According to the table 4.16, the correlation coefficient (R) of 0.425 indicates a
moderate relationship between the set of integration challenge factors and operational
efficiency. The coefficient of determination (R!) was 0.181, suggesting that approxi-
mately 18.1% of the variance in operational efficiency is explained by the four integra-
tion predictors. The adjusted R! value of 0.168 accounts for the number of predictors
and provides a slightly more conservative estimate of the model’s explanatory power.

The Root Mean Square Error (RMSE) was 0.708, representing the average differ-
ence between observed and predicted operational efficiency scores.

The regression model included 4 predictors (df1 = 4) and 258 degrees of free-
dom for residuals (df2 = 258), based on a total sample size. The overall model was
statistically significant (p < .001), indicating a very low probability that the observed
relationship is due to chance.

TABLE 4.17: ANOVA H1D

Model Sum of Squares df Mean Square F p
Regression 28.571 4 7.143 14.247 < .001
Residual 129.347 258 0.501
Total 157.919 262

According to the table 4.17, the ANOVA confirms that the regression model is valid
and statistically significant.
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TABLE 4.18: COEFFICIENTS H1D

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.900 0.048 81.463 < .001
M1 (Intercept) 2.307 0.230 10.037 < .001
MNA_Cultural_Challenges 0.258 0.073 0.313 3.530 < .001
MNA_Tech_Alignment_Issues -0.016 0.075 -0.018 -0.212 0.832
MNA_Process_Differences -0.015 0.091 -0.016 -0.160 0.873
MNA_Resource_Allocation 0.168 0.091 0.180 1.851 0.065

According to the table 4.18, Significant Predictor

• MNA_Cultural_Challenges (𝜔 = 0.313, p < .001)

This confirms that only cultural factors had a statistically significant effect, indi-
cating that organizational integration more than systems or processes hinders efficient
operations.

Hypothesis H1D is supported. Cultural challenges stand out as the key barrier to
achieving post-merger operational efficiency.

4.2.2 Objective 2: Evaluate how AI-powered BI tools support leadership in
making data-driven decisions during post-M&A integration

The objective is to analyze how AI-driven BI tools consolidate data from multiple
sources to provide actionable insights for leadership.

This explores how insights into the challenges of post-merger integration can aid
leaders in making informed decisions related to resource prioritization, process opti-
mization, and overall strategic alignment. By understanding the operational, cultural,
and technological complexities involved in merging diverse teams and systems, leaders
can better anticipate risks, allocate resources effectively, and streamline processes to
support long-term goals. These insights enable more strategic and adaptive leadership,
ensuring that integration efforts contribute to sustained performance and organizational
cohesion.

AI-Powered BI Tool Capabilities is used as independent variable for Hypothesis
H2A and Hypothesis H2B. Table 4.19 represents the relevant questions used in the
questionnaire and the and the variable names used in the analysis.

4.2.2.1 Hypothesis H2A: AI-powered BI tools enhance leadership decision-making
by consolidating data and generating real-time, actionable insights

• Independent Variable - AI-Powered BI Tool Capabilities

• Dependent Variable - Strategic Decision-Making Effectiveness
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TABLE 4.19: AI-POWERED BI TOOL CAPABILITIES - QUESTIONS AND
VARIABLES

Question
No

Variable used in analysis Question

1.1 BI_Consolidates_Data The AI-powered BI tools used in our organiza-
tion consolidate data from multiple sources ef-
fectively

1.2 BI_RealTime_Insights The tools provide real-time, actionable insights
that assist in decision-making

1.3 BI_Identifies_Bottlenecks AI-powered BI tools help identify integration
bottlenecks quickly

1.4 BI_Supports_Communication The visualization features of our BI tools sup-
port clear and strategic communication across
departments

Table 4.4 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

A linear regression analysis was conducted to determine the extent to which AI-
powered BI tool capabilities influence strategic decision-making effectiveness.

TABLE 4.20: LINEAR REGRESSION MODEL SUMMARY H2A

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.747 0.558 0.552 0.515 0.558 4 258 <.001

According to the table 4.20, the correlation coefficient (R) of 0.747 indicates a
strong positive relationship between AI-powered BI tool capabilities and strategic decision-
making effectiveness. The coefficient of determination (R!) was 0.558, meaning that
approximately 55.8% of the variance in decision-making effectiveness is explained by
the capabilities of the AI-powered BI tools. The adjusted R! of 0.552 reflects a minor
reduction after adjusting for the number of predictors, confirming the model’s robust-
ness.

The Root Mean Square Error (RMSE) was 0.515, representing the average devia-
tion of predicted values from the observed data, indicating a relatively accurate model
fit.

With 4 predictor variables (df1 = 4) and 258 residual degrees of freedom (df2
= 258), the overall regression model was highly statistically significant (p < .001),
suggesting a very low probability that the observed relationship is due to chance.

According to the table 4.21, the ANOVA confirms that the regression model is valid
and statistically significant.

According to the Figure 4.22, Significant Predictors

• BI_Consolidates_Data (𝜔 = 0.394, p < .001)
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TABLE 4.21: ANOVA H2A

Model Sum of Squares df Mean Square F p
Regression 86.450 4 21.612 81.555 < .001
Residual 68.371 258 0.265
Total 154.820 262

TABLE 4.22: COEFFICIENTS H2A

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.921 0.047 82.729 < .001
M1 (Intercept) 1.218 0.157 7.754 < .001
BI_Consolidates_Data 0.316 0.063 0.394 4.985 < .001
BI_RealTime_Insights 0.060 0.077 0.070 0.782 0.435
BI_Identifies_Bottlenecks 0.150 0.069 0.168 2.172 0.031
BI_Supports_Communication 0.157 0.075 0.178 2.100 0.037

• BI_Identifies_Bottlenecks (𝜔 = 0.168, p = .031)

• BI_Supports_Communication (𝜔 = 0.178, p = .037)

These findings highlight the value of AI-driven BI systems that consolidate scat-
tered data, reveal integration bottlenecks, and facilitate communication to support im-
proved decision making.

Hypothesis H2A is supported. AI-powered BI tools significantly improve leader-
ship’s ability to make strategic decisions during post-M&A integration.

4.2.2.2 Hypothesis H2B: The use of AI-powered BI tools contributes to process
improvements during post-M&A integration.

• Independent Variable - AI-Powered BI Tool Capabilities

• Dependent Variable - Process Improvements

Table 4.4 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

A linear regression analysis was conducted to assess whether BI capabilities facil-
itate better process management and improvements post-M&A.

According to the table 4.24, the correlation coefficient (R) of 0.734 indicates a
strong positive relationship between BI tool capabilities and process improvements.
The coefficient of determination (R!) was 0.539, signifying that approximately 53.9%
of the variance in process improvements is explained by the capabilities of the AI-
powered BI tools. The adjusted R! of 0.531, which slightly adjusts for the number of
predictors, confirms the stability and robustness of the model.
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TABLE 4.23: PROCESS IMPROVEMENTS - QUESTIONS AND VARIABLES

Question
No

Variable used in analysis Question

7.1 Process_Improved_By_BI We have implemented process improvements as
a result of AI-powered BI insights

7.2 Process_Inefficiencies_Acted_On The identification of inefficiencies through BI
has led to actionable changes

7.3 Process_Structured_Repeatable The integration process has become more struc-
tured and repeatable due to BI support

TABLE 4.24: LINEAR REGRESSION MODEL SUMMARY H2B

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.734 0.539 0.531 0.561 0.539 4 258 < .001

The Root Mean Square Error (RMSE) was 0.561, reflecting the average difference
between observed and predicted values of process improvement.

The model included 4 predictors (df1 = 4) and 258 degrees of freedom for residu-
als (df2 = 258). The overall regression model was statistically significant (p < .001),
indicating a very low likelihood that the observed relationship is due to chance.

TABLE 4.25: ANOVA H2B

Model Sum of Squares df Mean Square F p
Regression 94.652 4 23.663 75.281 < .001
Residual 81.097 258 0.314
Total 175.748 262

According to the table 4.25, the ANOVA confirms that the regression model is valid
and statistically significant.

TABLE 4.26: COEFFICIENTS H2B

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.792 0.051 75.088 < .001
M1 (Intercept) 0.929 0.171 5.437 < .001
BI_Consolidates_Data 0.248 0.069 0.290 3.598 < .001
BI_RealTime_Insights 0.119 0.084 0.130 1.416 0.158
BI_Identifies_Bottlenecks 0.259 0.075 0.272 3.436 < .001
BI_Supports_Communication 0.101 0.082 0.107 1.232 0.219

According to the table 4.26, Significant Predictors

• BI_Consolidates_Data (𝜔 = 0.290, p < .001)
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• BI_Identifies_Bottlenecks (𝜔 = 0.272, p < .001)

These predictors emphasize that BI tools are particularly effective in consolidating
information and identifying inefficiencies, which in turn support structured, repeatable
process improvements during post-M&A integration.

Hypothesis H2B is supported. BI capabilities, especially data consolidation and
bottleneck identification significantly contribute to process improvements in post-M&A
environments.

4.2.3 Objective 3: Develop a set of best practices for leveraging AI-powered BI
to enhance M&A integration processes within the software industry

The objective is to identify inefficiencies, bottlenecks, and areas for improvement
within the integration process.

The aim is to develop a set of best practices for leveraging AI-powered business
intelligence (BI) to enhance M&A integration processes within the software indus-
try, with a focus on optimizing business operations while maintaining or improving
product and service quality. By utilizing AI-driven insights, organizations can identify
performance gaps, streamline workflows, and support data-informed decision-making
during integration. This approach enables companies to manage complexity more ef-
fectively, reduce operational disruptions, and ensure that quality standards are upheld
throughout the transition.

AI-Powered BI Tool Capabilities is used as independent variable for Hypothesis
H3A and Hypothesis H3B. Table 4.19 represents the relevant questions the question-
naire and theionnaire and the variable names used in the analysis.

4.2.3.1 Hypothesis H3A: AI-powered BI tools help maintain high-quality out-
comes post-M&A by identifying integration bottlenecks and inefficien-
cies.

• Independent Variable - AI-Powered BI Tool Capabilities

• Dependent Variable - Quality Maintenance

Table 4.11 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

A linear regression was conducted to examine the relationship between BI capabil-
ities and quality maintenance.

According to the table 4.27, the regression model summary shows a correlation
coefficient (R) of 0.726, indicating a strong positive relationship between BI tool ca-
pabilities and quality maintenance. The coefficient of determination (R!) was 0.527,
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TABLE 4.27: LINEAR REGRESSION MODEL SUMMARY H3A

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.726 0.527 0.519 0.505 0.527 4 258 < .001

which means that approximately 52.7% of the variance in quality maintenance is ex-
plained by the capabilities of AI-powered BI tools. The adjusted R! of 0.519 accounts
for the number of predictors in the model and provides a more conservative estimate
of explained variance.

The Root Mean Square Error (RMSE) was 0.505, representing the average devia-
tion of predicted quality maintenance values from the observed data, reflecting a good
model fit.

The regression model included 4 predictor variables (df1 = 4) and 258 residual
degrees of freedom (df2 = 258). The overall model was highly statistically significant
(p < .001), suggesting a very low likelihood that the observed relationship is due to
chance.

TABLE 4.28: ANOVA H3A

Model Sum of Squares df Mean Square F p
Regression 73.116 4 18.279 71.803 < .001
Residual 65.679 258 0.255
Total 138.795 262

According to the table 4.28, the ANOVA confirms that the regression model is valid
and statistically significant.

TABLE 4.29: COEFFICIENTS H3A

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.849 0.045 85.765 < .001
M1 (Intercept) 1.361 0.154 8.856 < .001
BI_Consolidates_Data 0.213 0.062 0.281 3.436 < .001
BI_RealTime_Insights 0.201 0.075 0.248 2.661 0.008
BI_Identifies_Bottlenecks 0.177 0.068 0.209 2.617 0.009
BI_Supports_Communication 0.040 0.073 0.048 0.544 0.587

According to the table 4.29, Significant Predictors

• BI_Consolidates_Data (𝜔 = 0.281, p < .001)

• BI_RealTime_Insights (𝜔 = 0.248, p = .008)

• BI_Identifies_Bottlenecks (𝜔 = 0.209, p = .009)
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These predictors show that data accessibility, real-time information, and detection
of integration friction points all play a role in ensuring consistent quality.

Hypothesis H3A is supported. AI-powered BI tools are effective in helping main-
tain product/service quality during integration.

4.2.3.2 Hypothesis H3B: AI-powered BI tools improve operational efficiency by
identifying and addressing process inefficiencies during integration.

• Independent Variable - AI-Powered BI Tool Capabilities

• Dependent Variable - Operational Efficiency

Table 4.15 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

Regression analysis conducted to investigate how AI-powered BI tools influence
operational efficiency post-M&A.

TABLE 4.30: LINEAR REGRESSION MODEL SUMMARY H3B

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.702 0.492 0.484 0.558 0.492 4 258 < .001

According to the table 4.30, correlation coefficient (R) of 0.702, reflecting a strong
positive relationship between BI tool capabilities and operational efficiency. The coef-
ficient of determination (R!) was 0.492, meaning that 49.2% of the variance in opera-
tional efficiency is explained by the AI-powered BI tool capabilities. The adjusted R!
of 0.484 provides a more conservative estimate, accounting for the number of predic-
tors in the model.

The Root Mean Square Error (RMSE) was 0.558, indicating the average devia-
tion of predicted operational efficiency values from observed values, demonstrating a
reasonable model fit.

The regression model included 4 predictors (df1 = 4) with 258 residual degrees of
freedom (df2 = 258). The overall model was highly statistically significant (p < .001),
confirming that the relationship between AI-powered BI capabilities and operational
efficiency is unlikely to be due to chance.

TABLE 4.31: ANOVA H3B

Model Sum of Squares df Mean Square F p
Regression 77.722 4 19.430 62.509 < .001
Residual 80.197 258 0.311
Total 157.919 262
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TABLE 4.32: COEFFICIENTS H3B

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.900 0.048 81.463 < .001
M1 (Intercept) 1.313 0.170 7.732 < .001
BI_Consolidates_Data 0.251 0.069 0.310 3.656 < .001
BI_RealTime_Insights 0.096 0.083 0.111 1.150 0.251
BI_Identifies_Bottlenecks 0.192 0.075 0.213 2.566 0.011
BI_Supports_Communication 0.116 0.081 0.130 1.432 0.153

According to the table 4.31, the ANOVA confirms that the regression model is valid
and statistically significant.

According to the table 4.32, Significant Predictors

• BI_Consolidates_Data (𝜔 = 0.310, p < .001)

• BI_Identifies_Bottlenecks (𝜔 = 0.213, p = .011)

These results show that AI-powered BI platforms enhance operational efficiency
through data consolidation and bottleneck identification.

Hypothesis H3B is supported. BI tools that focus on integrating disparate datasets
and revealing inefficiencies are critical drivers of operational efficiency for post-MA
integration.

4.2.4 Objective 4: Assess the ethical considerations and implications of using
AI-powered BI tools in strategic decision-making post-M&A

The objective is to assess the ethical considerations and implications of using AI-
powered business intelligence (BI) tools in strategic decision-making following merg-
ers and acquisitions (M&A). It evaluates potential concerns around data privacy, algo-
rithmic bias, and transparency in AI-driven insights.

Also, this aims to propose ethical guidelines and practices for the responsible use of
AI-powered business intelligence (BI) tools. As organizations increasingly rely on AI
to drive integration decisions, it becomes essential to ensure fairness, accountability,
and data integrity throughout the process. This involves addressing potential biases in
algorithms, maintaining transparency in how data is used, and safeguarding sensitive
information. Establishing clear ethical standards will help build trust, support informed
decision-making, and promote responsible AI adoption during post-M&A integration.

Ethical Considerations is used as independent variable for Hypothesis H4A and
Hypothesis H4B. Table 4.33 represents the relevant questions of the questionnaire and
and the variable names used in the analysis.
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TABLE 4.33: ETHICAL CONSIDERATIONS - QUESTIONS AND VARIABLES

Question
No

Variable used in analysis Question

3.1 Ethics_Clear_Guidelines Our organization has clear ethical guidelines for
the use of AI-powered BI tools

3.2 Ethics_AI_Bias_Considered We consider potential biases in AI algorithms
when using BI for decision-making

3.3 Ethics_Data_Transparency There is transparency in how data is collected
and used by AI tools in M&A contexts

3.4 Ethics_Employee_Training Employees are adequately trained on the ethical
implications of AI-powered BI

4.2.4.1 Hypothesis H4A: Ethical and transparent use of AI-powered BI tools
enhances the quality and effectiveness of strategic decision-making post-
M&A.

• Independent Variable - Ethical Considerations

• Dependent Variable - Strategic Decision-Making Effectiveness

Table 4.7 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.

A linear regression analysis conducted to test the influence of ethical considerations
on strategic decision-making supported by AI-powered BI systems.

TABLE 4.34: LINEAR REGRESSION MODEL SUMMARY H4A

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.606 0.367 0.357 0.616 0.367 4 258 < .001

According to the table 4.34, correlation coefficient (R) of 0.606, indicating a mod-
erately strong positive relationship between ethical practices and decision-making ef-
fectiveness. The coefficient of determination (R!) was 0.367, meaning that 36.7% of
the variance in strategic decision-making effectiveness is explained by ethical consid-
erations in the use of AI-powered BI tools. The adjusted R! of 0.357 accounts for the
number of predictors and provides a slightly more conservative estimate of explained
variance.

The Root Mean Square Error (RMSE) was 0.616, representing the average devi-
ation of predicted values from the observed values of decision-making effectiveness,
suggesting an acceptable model fit.

The model included 4 predictor variables (df1 = 4) and 258 residual degrees of
freedom (df2 = 258). The overall regression model was highly statistically significant
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(p < .001), indicating a very low probability that the observed relationship occurred by
chance.

TABLE 4.35: ANOVA H4A

Model Sum of Squares df Mean Square F p
Regression 56.777 4 14.194 37.352 < .001
Residual 98.044 258 0.380
Total 154.820 262

According to the table 4.35, the ANOVA confirms that the regression model is valid
and statistically significant.

TABLE 4.36: COEFFICIENTS H4A

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.921 0.047 82.729 < .001
M1 (Intercept) 1.390 0.214 6.509 < .001
Ethics_Data_Transparency 0.194 0.076 0.188 2.543 0.012
Ethics_AI_Bias_Considered 0.208 0.083 0.202 2.510 0.013
Ethics_Clear_Guidelines 0.179 0.073 0.190 2.451 0.015
Ethics_Employee_Training 0.112 0.077 0.121 1.456 0.147

According to the table 4.36, Significant Predictors

• Ethics_Data_Transparency (𝜔 = 0.188, p = .012)

• Ethics_AI_Bias_Considered (𝜔 = 0.202, p = .013)

• Ethics_Clear_Guidelines (𝜔 = 0.190, p = .015)

These results demonstrate that ethical structures like clear guidelines, transparency,
and AI bias mitigation strengthen trust in data-driven decisions.

Hypothesis H4A is supported. Ethical use of AI-powered BI tools significantly
improves strategic decision-making.

4.2.4.2 Hypothesis H4B: Ethical use of AI-powered BI tools supports the main-
tenance of quality standards during post-M&A integration.

• Independent Variable - Ethical Considerations

• Dependent Variable - Quality Maintenance

Table 4.11 represents the relevant questions used in the questionnaire and the vari-
able names used in the analysis.
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TABLE 4.37: LINEAR REGRESSION MODEL SUMMARY H4B

R R2 Adjusted R2 RMSE R2 Change df1 df2 p
0.614 0.377 0.368 0.579 0.377 4 258 < .001

A regression analysis was conducted to assess the role of ethical AI practices in
maintaining quality standards.

According to the table 4.37, correlation coefficient (R) of 0.614, indicating a mod-
erately strong positive relationship between ethical considerations and quality main-
tenance. The coefficient of determination (R!) was 0.377, meaning that 37.7% of the
variance in quality maintenance is explained by the ethical use of AI-powered BI tools.
The adjusted R! of 0.368 accounts for the number of predictors, providing a slightly
more conservative estimate of explained variance.

The Root Mean Square Error (RMSE) was 0.579, representing the average devia-
tion of predicted values from the observed values of quality maintenance, suggesting
an acceptable fit of the regression model.

The regression included 4 predictors (df1 = 4) with 258 residual degrees of freedom
(df2 = 258). The overall model was highly statistically significant (p < .001), indicating
a very low probability that the observed relationship occurred by chance.

TABLE 4.38: ANOVA H4B

Model Sum of Squares df Mean Square F p
Regression 52.385 4 13.096 39.103 < .001
Residual 86.410 258 0.335
Total 138.795 262

According to the table 4.38, the ANOVA confirms that the regression model is valid
and statistically significant.

TABLE 4.39: COEFFICIENTS H4B

Model Unstd. Std. Error Std. t p
M0 (Intercept) 3.849 0.045 85.765 < .001
M1 (Intercept) 1.403 0.200 6.996 < .001
Ethics_Clear_Guidelines 0.191 0.069 0.213 2.782 0.006
Ethics_AI_Bias_Considered 0.126 0.078 0.130 1.624 0.106
Ethics_Data_Transparency 0.317 0.072 0.324 4.422 < .001
Ethics_Employee_Training 0.036 0.072 0.041 0.505 0.614

According to the Figure 4.39, Significant Predictors

• Ethics_Clear_Guidelines (𝜔 = 0.213, p = .006)

• Ethics_Data_Transparency (𝜔 = 0.324, p < .001)
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These findings highlight the importance of transparency and defined ethical bound-
aries in maintaining trust and consistency in service quality post-M&A.

Hypothesis H4B is supported. Ethical considerations, particularly clarity and
transparency, support quality maintenance in integration phases.

4.3 Independent Sample T-Test

The independent sample T-test conducted to compare outcomes between organizations
that use AI-powered BI tools and those that do not (or are planning to implement).

Following key dependent variables used for the test.

• Decision-Making Effectiveness

• Quality Maintenance

• Process Improvements

• Operational Efficiency

TABLE 4.40: INDEPENDENT SAMPLE T-TEST

t df p Cohen’s d SE Cohen’s d
Decision_Making_Score -7.662 261 < .001 -1.126 0.179
Quality_Maintenance_Score -7.195 261 < .001 -1.057 0.176
Process_Improvements_Score -8.899 261 < .001 -1.308 0.189
operational_efficiency_score -7.328 261 < .001 -1.077 0.177

According to the table 4.40, all four tests reveal statistically significant differences
(p < .001) between the two groups across all outcome variables, with large effect sizes
(Cohen’s d > 0.8).

This indicates that the group differences are not only statistically significant but
also practically meaningful.

TABLE 4.41: INDEPENDENT SAMPLE T-TEST ASSUMPTION CHECKS

f df1 df2 p
Decision_Making_Score 1.127 1 261 0.289
Quality_Maintenance_Score 3.283 1 261 0.071
Process_Improvements_Score 0.698 1 261 0.404
operational_efficiency_score 1.153 1 261 0.284

According to the table 4.41, none of the tests were significant (p > .05), indicating
that the assumption of equal variances was met. This validates the use of the standard
independent samples t-test.
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TABLE 4.42: INDEPENDENT SAMPLE T-TEST DESCRIPTIVE

Group N Mean SD SE Coeff. of variation
Decision_Making_Score 0 60 3.317 0.794 0.103 0.239

1 203 4.100 0.664 0.047 0.162
Quality_Maintenance_Score 0 60 3.306 0.695 0.090 0.210

1 203 4.010 0.657 0.046 0.164
Process_Improvements_Score 0 60 3.067 0.807 0.104 0.263

1 203 4.007 0.691 0.048 0.172
operational_efficiency_score 0 60 3.311 0.771 0.100 0.233

1 203 4.074 0.689 0.048 0.169

According to the table 4.42, Group 1 (e.g., organizations that use AI-powered BI
tools) consistently score higher across all outcome measures, with lower standard er-
rors and coefficient of variation, indicating greater consistency and better outcomes.

4.3.1 Findings

• The t-test results reinforce the regression findings, confirming that the presence
of BI tools and effective integration practices are associated with significantly
better performance across all dimensions.

• The large effect sizes suggest these differences are substantial enough to be of
strategic importance in M&A contexts.

• Combined with the regression findings, these results suggest a clear causal rela-
tionship between advanced BI capability/ethical integration and organizational
performance post-M&A.

4.3.2 Summary

The t-test analysis provides robust evidence that organizations employing AI-powered
BI tools and navigating M&A integration more effectively experience significantly
better performance outcomes in the following areas.

• Strategic decision-making is more data-driven and timely.

• Quality standards are better maintained post-merger.

• Process improvements are more systematic and repeatable.

• Operational efficiency is higher and more stable.

These findings reinforce the regression analysis and support the research hypothe-
ses (H2A–H3B). The large effect sizes also suggest that the implementation of BI
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tools and reduction of integration challenges offer not just marginal improvements, but
transformational gains in M&A performance.

4.4 Summary of Hypothesis Testing

The table 4.43, presents a consolidated summary of all hypothesis tests conducted
in this study. Each hypothesis was formulated to examine specific aspects of post-
merger and acquisition (M&A) integration and the role of AI-powered Business Intel-
ligence (BI) tools in enhancing decision-making, operational efficiency, quality main-
tenance, and process improvements. This summary provides a clear and comprehen-
sive overview of the empirical findings and the extent to which each hypothesis was
supported by the data.

4.5 Discussion

This section interprets the results of the hypothesis testing in light of the research
objectives and existing literature. It provides theoretical insights and practical implica-
tions on how post-M&A integration challenges can be addressed through AI-powered
business intelligence (BI) tools and ethical considerations.

4.5.1 Addressing Leadership Challenges During Post-M&A Integration

The findings confirm that leadership faces multifaceted challenges during the post-
M&A phase, especially in integrating cultures, processes, and resource systems.

• Cultural challenges were the most consistent and significant predictors across
all outcomes (strategic decision-making, quality maintenance, and operational
efficiency).

• Operational and technological challenges were less influential, suggesting that
technical problems are easier to solve than organizational alignment issues.

Implication - Leadership should prioritize cultural due diligence and integration
planning over mere technological synchronization. The human element remains a
dominant barrier to effective integration.

4.5.2 AI-Powered BI Tools as Enablers of Strategic Decision-Making and Inte-
gration

The results strongly support the role of AI-powered BI tools in enabling data-driven
leadership.
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TABLE 4.43: SUMMARY OF HYPOTHESIS TESTING RESULTS

Hypothesis Statement Test Used Result
H1A Leadership encounters significant op-

erational, cultural, technological, and
resource-related challenges during post-
M&A integration

One-Sample
T-Test

Supported

H1B Post-M&A integration challenges neg-
atively affect strategic decision-Making
Effectiveness

Linear Regres-
sion

Supported

H1C Post-M&A integration challenges ad-
versely impact the ability to maintain con-
sistent product/service quality

Linear Regres-
sion

Supported

H1D Post-M&A integration challenges nega-
tively influence operational efficiency

Linear Regres-
sion

Supported

H2A AI-powered BI tools enhance leadership
decision-making by consolidating data
and generating real-time, actionable in-
sights

Linear Regres-
sion

Supported

H2B The use of AI-powered BI tools con-
tributes to process improvements during
post-M&A integration

Linear Regres-
sion

Supported

H3A AI-powered BI tools help maintain high-
quality outcomes post-M&A by identify-
ing integration bottlenecks and inefficien-
cies

Linear Regres-
sion

Supported

H3B AI-powered BI tools improve operational
efficiency by identifying and addressing
process inefficiencies during integration

Linear Regres-
sion

Supported

H4A Ethical and transparent use of AI-
powered BI tools enhances the quality
and effectiveness of strategic decision-
making post-M&A

Linear Regres-
sion

Supported

H4B Ethical use of AI-powered BI tools sup-
ports the maintenance of quality stan-
dards during post-M&A integration

Linear Regres-
sion

Supported

4.5.2.1 Strategic Decision-Making

BI tools that consolidate data and identify bottlenecks were strongly associated with
improved decision-making effectiveness.
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4.5.2.2 Process Improvements and Efficiency

Capabilities such as real-time insights and communication support helped streamline
integration processes and improve efficiency, reinforcing theories on dynamic data vi-
sualization enhancing change management.

4.5.2.3 Quality Maintenance

The tools’ ability to identify inconsistencies and generate alerts enabled leadership to
respond proactively to quality risks post-merger.

Implication - Integrating AI-driven BI tools early in the M&A process can signifi-
cantly mitigate integration risks by enhancing visibility, coordination, and responsive-
ness.

4.5.3 Developing Best Practices for BI Use in the Software Industry

Given the software industry’s dependency on rapid iteration and product quality, the
findings provide a roadmap for best practices.

1. Deploy BI tools that provide cross-functional integration views – this ensures
cultural, and process differences can be addressed with data-backed clarity.

2. Use real-time dashboards for leadership alignment – so decisions remain timely
and grounded during change.

3. Standardize repeatable processes using AI insights – particularly to support agile
transformation post-M&A.

Implication - AI-powered BI tools should not be seen as just data repositories but
as strategic enablers of organizational transformation.

4.5.4 The Role of Ethical Considerations in AI and BI Usage

Ethical variables significantly predicted both strategic decision-making and quality
maintenance.

• Data transparency and clear ethical guidelines were among the strongest predic-
tors of successful outcomes

• Bias awareness within the BI systems was essential for fair and effective usage

Implication - Leaders must implement transparent governance frameworks for AI
deployment. Training, bias audits, and ethical protocols are not optional—they’re
foundational to trust and adoption.
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CHAPTER 5

RECOMMENDATIONS AND CONCLUSION

This chapter presents the final conclusions of the study and outlines key recommenda-
tions based on the research findings. It summarizes how post-M&A integration chal-
lenges impact organizational performance and highlights the role of AI-powered BI
tools and ethical considerations in supporting strategic outcomes. The chapter offers
practical guidance for industry leaders and identifies areas for future research to further
improve post-merger integration effectiveness.

5.1 Conclusion

This research explored how post-merger integration (PMI) challenges impact lead-
ership and how AI-powered Business Intelligence (BI) tools can support data-driven
decisions in the software industry. It also examined the ethical implications of using
such tools.

5.1.1 Key Findings by Research Objective

5.1.1.1 Leadership Challenges During Post-M&A Integration

The study confirms that leadership faces significant barriers during post M&A, par-
ticularly cultural misalignment. These challenges negatively affect strategic decision-
making, operational efficiency, and quality maintenance. Among all integration fac-
tors, cultural challenges emerged as the most influential across multiple outcome vari-
ables.

5.1.1.2 Role of AI-Powered BI Tools in Supporting Leadership

BI tools that consolidate data, generate real-time insights, identify process bottlenecks,
and support communication were shown to significantly enhance strategic decision-
making, improve operational efficiency, and promote process improvements. These
tools act as enablers of strategic alignment and responsiveness.

5.1.1.3 Best Practices for BI in M&A Integration

The research highlights the importance of early deployment of AI-powered BI tools
during the integration process. High-performing BI tools must support real-time mon-
itoring, cross-functional coordination, and structured reporting to ensure visibility and
control during M&A transitions.

47



5.1.1.4 Ethical Implications of Using AI/BI Tools

Ethical use of AI tools, specifically practices promoting transparency, clear guidelines,
and AI bias mitigation, positively influenced both strategic decision-making and qual-
ity maintenance. Ethics is not just a compliance requirement but a strategic enhancer
of trust and effectiveness.

5.1.2 Overall Contribution

This research demonstrates that AI-powered BI tools, when ethically implemented, can
significantly alleviate leadership burdens in M&A integration. The findings reinforce
the idea that technological solutions must be accompanied by cultural integration and
ethical governance to produce sustainable post-M&A success.

5.2 Recommendations

This section outlines practical recommendations derived from the research findings to
support effective post-merger and acquisition (M&A) integration in the software in-
dustry. The suggestions focus on leveraging AI-powered Business Intelligence (BI)
tools, addressing cultural and operational challenges, promoting ethical data practices,
and aligning BI capabilities with agile business environments. These recommendations
aim to guide industry leaders in enhancing strategic decision-making, operational effi-
ciency, and long-term integration success.

5.2.1 Prioritize Cultural Integration in post M&A Planning

The first objective revealed that cultural challenges are the most significant barrier
leadership faces during post-M&A integration, with strong agreement among respon-
dents. The analysis also indicated that these challenges negatively affect strategic
decision-making effectiveness, quality maintenance, and operational efficiency. There-
fore, based on the results, organizations can take the following actions to effectively
mitigate these challenges.

• Conduct cultural audits before and during integration

• Assign dedicated cultural integration leads or task forces

• Use BI tools to measure and monitor cultural alignment metrics

By prioritizing cultural alignment, organizations tackle the root cause of many inte-
gration challenges. Leveraging AI-powered business intelligence tools for continuous
monitoring gives leadership real-time insights, allowing them to proactively manage
cultural dynamics and reduce potential negative impacts.

48



5.2.2 Deploy AI-Powered BI Tools Early in the M&A Lifecycle

Objectives 2 and 3 highlighted that AI-powered BI tools significantly enhance leader-
ship’s ability to make data-driven decisions, improve integration processes, maintain
quality, and boost operational efficiency. Findings reveal that AI-powered BI tools sig-
nificantly enhance decision-making and operational outcomes by consolidating data,
generating real-time insights, and identifying bottlenecks. Following actions are rec-
ommended based on the findings.

• Integrate BI tools into the post-deal execution phase

• Ensure tools include real-time dashboards, bottleneck identification, and com-
munication support

• Focus on solutions that enhance visibility across functional silos

Early adoption of these tools empowers leadership to make data-driven decisions
when they matter most, improving responsiveness and strategic alignment across the
integration process.

5.2.3 Build Ethical AI and BI Governance Frameworks

The findings from Objective 4 emphasized that the ethical and transparent use of
AI-powered BI tools significantly enhances the quality and consistency of decision-
making during post-M&A integration. Based on these results, the following recom-
mendations are proposed.

• Establish clear ethical guidelines for BI use, including fairness, transparency,
and accountability

• Conduct regular audits for AI bias in data and decision-making models

• Invest in employee training to ensure responsible data interpretation and usage

Ethical governance is not just compliance but a strategic enabler. It strengthens
trust in AI-driven decisions and supports the maintenance of quality standards, which
are essential for sustained post-M&A success.

5.2.4 Use BI Insights to Design Repeatable, Scalable Processes

The research showed that AI-powered BI tools provide real-time, actionable data that
identify process bottlenecks and inefficiencies. This analytical capacity enables the
prediction of risks and supports ongoing quality control. Based on these results, the
following recommendations are proposed.
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• Identify which parts of the integration process can be standardized based on data
trends

• Automate routine monitoring and alert mechanisms to ensure process control

• Apply predictive analytics to anticipate post-M&A risks

This recommendation leverages the demonstrated BI capabilities to enhance pro-
cess efficiency and scalability, addressing the operational challenges identified in the
leadership challenges.

5.2.5 Tailor BI Tools to the Software Industry’s Agile Environment

Given the software industry’s unique agile and product-based operating environment,
the results showing the importance of BI tools for cross-functional visibility and pro-
cess improvements suggest that BI tools must fit seamlessly into existing workflows.

Tailoring BI solutions to integrate with agile project management and develop-
ment processes ensures that insights are actionable in real time and continuously feed
into customer feedback loops, thus sustaining quality and efficiency improvements
highlighted in the data. Based on these results, the following recommendations are
proposed.

• Choose platforms compatible with agile, product-based operations

• Integrate BI outputs with project management and development workflows

• Use BI for customer feedback loop optimization to sustain quality post-integration

By adapting BI tools to match the agile nature of software operations, organiza-
tions ensure that data-driven insights remain timely, relevant, and actionable within
fast-paced development environments. This alignment enables leadership and teams
to quickly identify integration bottlenecks, optimize workflows, and maintain high-
quality outcomes as strongly supported by the research findings. As a result, customiz-
ing BI tools in this way is essential for preserving agility and delivering continuous
value throughout the complex MA integration life cycle.
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APPENDIX A

QUESTIONNAIRE

A.1 Demographic & Background Information

i What is your current role in the organization? {CEO/Executive, Senior Manager,
Mid-Level Manager, Analyst/Consultant, Other}
ii Which country are you currently working in?
iii Where is your company’s headquarters located?
iv How many years of experience do you have in the software industry?
v Have you participated in post-M&A integration processes previously?
vi How many M&A transactions has your organization been involved in in the past 5
years? {1-2, 3-5, More than 5, None}
vii Does your organization use AI-powered business intelligence tools for
decision-making post-M&A? {Yes, No, Planning to implement}
viii If yes, which AI-powered BI tools do you use? (Select all that apply) {Power BI,
Tableau, Google Looker Studio, Excel, Qlik Sense, Domo, SAP Business Objects,
Zoho Analytics, Sisense, Other}

A.2 Factors Influencing Strategic Decision-Making

Answers are in 1–5 Likert scale
{1 – Strongly Disagree, 2 – Disagree, 3 – Neutral, 4 – Agree, 5 – Strongly Agree}

A.2.1 Please rate your agreement with the following statements (AI-Powered BI
Tool Capabilities)

1.1 The AI-powered BI tools used in our organization consolidate data from multiple
sources effectively?
1.2 The tools provide real-time, actionable insights that assist in decision-making?
1.3 AI-powered BI tools help identify integration bottlenecks quickly?
1.4 The visualization features of our BI tools support clear and strategic
communication across departments

A.2.2 Please rate your agreement with the following statements (M&A Integra-
tion Factors)

2.1 Post-M&A integration presents significant cultural challenges within our teams.
2.2 We face technological difficulties in aligning systems after M&A
2.3 Operational processes often differ significantly between merging entities.
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2.4 Resource allocation is a challenge during the integration phase of M&A.

A.2.3 Please rate your agreement with the following statements (Ethical Consid-
erations)

3.1 Our organization has clear ethical guidelines for the use of AI-powered BI tools.
3.2 We consider potential biases in AI algorithms when using BI for decision-making.
3.3 There is transparency in how data is collected and used by AI tools in M&A
contexts.
3.4 Employees are adequately trained on the ethical implications of AI-powered BI.

A.3 Outcomes of Strategic Decision-Making

A.3.1 Please rate your agreement with the following statements ( Strategic Decision-
Making Effectiveness)

4.1 AI-powered BI tools support timely strategic decisions during MA integration.
4.2 Leadership decisions are more data-driven due to insights from BI tools.
4.3 Our strategic planning has improved with the implementation of AI-powered BI.

A.3.2 Please rate your agreement with the following statements (Operational
Efficiency)

5.1 Integration timelines have improved due to insights from BI tools.
5.2 AI-powered BI tools help streamline redundant processes.
5.3 Post-M&A operational performance has increased with the use of BI insights.

A.3.3 Please rate your agreement with the following statements (Quality Main-
tenance)

6.1 Our organization maintains consistent product/service quality during post-M&A
integration
6.2 BI insights help identify quality issues early in the integration process
6.3 We are able to uphold customer satisfaction throughout M&A transitions

A.3.4 Please rate your agreement with the following statements (Process Im-
provements)

7.1 We have implemented process improvements as a result of AI-powered BI insights
7.2 The identification of inefficiencies through BI has led to actionable changes
7.3 The integration process has become more structured and repeatable due to BI
support
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A.4 Best Practices for Using AI-Powered BI in Post-M&A Integra-
tion

1 In your experience, what practices have been most effective in leveraging
AI-powered BI tools during M&A integration?
2 What common mistakes or pitfalls should organizations avoid when implementing
BI tools post-M&A?
3 Can you describe a successful use case where AI-powered BI significantly
improved an M&A integration outcome?
4 What features or functions in BI tools do you believe are essential for driving
post-M&A success?

A.5 Future Outlook & Recommendations

1 How likely is your organization to continue investing in AI-powered BI tools for
post-M&A decision-making? {Very Likely, Likely, Neutral, Unlikely, Very Unlikely}
2 What improvements would you recommend for AI-powered BI in post-MA
decision-making?
3 Any additional comments or insights you’d like to share regarding AI-powered BI
and post-MA strategies?
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