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Abstract 

Background: Artificial intelligence integration in due diligence procedures of mega-large merger acquisition dealings 
has been brought out as a powerful method in the American business world. Conventional due diligence processes tend 
to have a weakness when handling large volumes of financial and operational information in an efficient manner. 
Advanced analytics and machine learning algorithms have proven to hold a lot of promise in terms of improving the 
accuracy of the evaluation of transactions, and also in terms of mitigating time pressures that are normally promulgated 
in view of intricate MandA assessments. The development of AI-based tools has provided ways where financial 
institutions and corporate organizations can make better strategic decisions by analysing all the data and predicting the 
outcomes. The AI technologies provide improved activities in risk assessment, identification of targets, and evaluation 
of transactions in various markets in the USA. The machine learning algorithms will make it possible to evaluate the 
financial results, operational synergies, and market positioning aspects that determine success rates of transactions 
with greater precision. 

Materials and Methods: The research used a sophisticated and rigorous methodology of secondary data analysis as it 
analyzed 215,160 cross-border M and A deals and concerned data in the Thomson Reuters SDC Platinum database over 
the 1973-2018 period. We have applied the machine learning algorithms based on AdaBoost and support vector 
machine models as a predictive analysis. The preprocessing of data involved feature extraction of ESG scores, financial 
indicators and the metrics of sustainable development at country-level. The study involved a total of 215,160 cross-
border M and A deals in 58 states with special attention paid to those based in the USA. The data preprocessing involved 
feature extraction, principal component analysis and 10-fold cross-validation methods. 

Results: Analysis indicated that AI-based due diligence platforms have a prediction accuracy of 80.1% in the 
determination of merger success when compared to traditional approaches, which had 62.7% accuracy. ML algorithms 
are good at working with multi-dimensional datasets such as the ones involving ESG characteristics, financial indicators, 
and market intelligence factors. The application of natural language processing technologies cuts down time frames of 
contract analysis by 60-70% with no loss of regulatory compliance assessment. The frameworks of risk evaluation 
integrating AI algorithms outperform in identifying possible transaction hurdles and synergy in the various sectors of 
the industry. 

Discussion: The effectiveness of AI applications in due diligence efficiency and accuracy has been seen in significant 
markets of the USA. Machine learning algorithms are effective at processing multi-dimensional data such as 
environmental, social and governance factors and they minimize human bias in rating transactions. The technology can 
real-time risk evaluation and an improvement in decision making abilities of USA corporations under various 
geographical markets. The use of frameworks based on AI facilitates strategic decision making by eliminating human 
error and bias in making the complex transaction decisions. 
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Conclusion: Machine learning programs can greatly improve the efficiency and precision of the due diligence process 
in large-scale merger and acquisition businesses by making it easier to check the analysis with greater detail and speed. 
Future development of AI technologies is likely to enhance further predictive modeling, risk evaluation and the process 
of strategic analysis in the international asset acquisitions and sales marketplace. 

Keywords: Artificial Intelligence, Merger and Acquisition, Machine Learning, Predictive Analytics, Natural Language 
Processing, Strategic Evaluation. 

1. Introduction 

Merger and acquisition market as a whole and particularly in the United States of America (USA) is one of the most 
sophisticated and capital-intensive spheres of corporate financing whose transactions volume surpasses 3.5 trillion 
dollars in the yearly rate and covers the broad business environments (Johnson et al., 2022). Artificial intelligence 
technologies used in due diligence processes have changed the face of merger and acquisition activities in the United 
States in a fundamental way by avoiding pitfalls associated with human factors. The research conducted by Rahman 
(2021) on the role of AI in MandA transactions shows that the use of conventional due diligence processes is being 
supplemented and even replaced by the advanced machine learning algorithms that can analyze massive flows of both 
financial and operational data with unmatched precision. Based on the findings of a study conducted by Kajewole et al. 
(2023) on composite AI and blockchain implementation in the process of MandA, the concept of intelligent systems has 
transformed the manner in which corporations engage in the transaction evaluation and risk assessment procedures. 
In addition, Baumgartner (2024) points out in their research on the influence of AI in due diligence that financial 
institutions in contemporary society would need advanced differences to maintain relevance in the constantly dynamic 
marketplace situation. 

Artificial intelligence can transform the perspective of MandA due diligence beyond its existing improvements in terms 
of efficiency to the core of decision-making capabilities and risk management approaches. The study published by Li 
(2018) on the use of AI technology in the field of mergers and acquisition shows that machine learning algorithms can 
discover the patterns and relationships in financial information that could not have been realized or misinterpreted 
with the old analytics techniques. In the same line, research by Marquardt et al. (2023) on risks and opportunities of AI 
associated with MandA processes revealed that intelligent systems offer higher accuracy of valuation of target 
companies and, at the same time, decrease the time needed to complete thorough evaluation of transactions. Further, 
Wyatt et al. (2022) have managed to research the integration of AI into the MandA processes by showing that companies 
adopting new technologies will exhibit a vastly increased success rate of the deals in question along with post-merger 
integration. 

 

Figure 1 AI Due Diligence 

The historical development of the due diligence processes in executing large-scaled MandA transactions is the catalyst 
of the bigger historical trend in technological development of the American financial services industry. A piece of 
research by Honcharenko (2024) on generative AI transformation of due diligence processes in MandA explained that 
the incorporation of natural language processing and machine learning innovations facilitated the scrutiny of intricate 
counsel agreements and regulatory disclosures by financial institutions faster and with unrivaled scrutiny. Noghrehkar 
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(2023) in their research on the current and future role of AI in MandA, state that the application of predictive analytics 
enables investment banks and corporate development teams to better position themselves strategically by using all the 
data available to base their judgments and decisions on instead of being constrained by time-worn financial ratios and 
subjective evaluations. 

Use of artificial intelligence in due diligence procedures is one of the most important innovations to be introduced to 
the corporations in America so that they can continue enjoying competitive advantages in the global markets. According 
to research by Bhagwan (2020) on AI uses in target selection and due diligence considerations, the machine learning 
algorithms have a particular advantage in the identification of potential synergies and risks of integration that human 
analysts may not see in customary review process. This was demonstrated in a study by Ibor (2025) which showed that 
AI especially comes in handy in cross-border deals where cultural, regulatory, and operational issues would necessitate 
the use of advanced analytical devices other than the standard assessment measures. 

Recent due diligence regulations necessitate the implementation of extensive assessment models that could process a 
varied range of information sources and yet not lose its precision and regulation levels. Research by Abbasli (2024) on 
how to improve upon due diligence whilst maintaining compliance suggest that AI integration needs to be tethered in 
all corners of regulation and ethical issues to achieve positive features of sustainable application in different industry 
sectors. Based on a study by Adewunmi (2016) on acquired ways of overcoming the challenge in the field of MandA with 
the help of AI tools, the prospects of successful technology introduction imply long-range planning and the ability to 
study organizational potential body as well as the market environment. As Li et al. (2022) state, based on their research 
of the impact of AI in the due diligence of cross-border MandA, technological solutions should be tailored to particular 
local and sector-specific needs to be implemented efficiently and without risks of failure. 

Transactions in cross-border merger and acquisition require advanced analytical tools that can handle a wide variety 
of data sources, and variations in the regulations. Adewunmi (2016) says that solutions to such challenges as 
information asymmetry and transaction complexity can be found in artificial intelligence when doing extensive research 
on the ways to navigate the challenges of a merger in Nigeria. Along with conventional approaches to due diligence, Li 
et al. (2022) also state in their work that artificial intelligence affects the procedure of conducting due diligence between 
countries due to the increased investigation power. On the same note, a detailed study conducted by Liu (2000) has 
stipulated that combination of artificial intelligence and merger activities has taken a modern-day change in the delight 
of corporate transactions assessment. In addition, Gupta (2022) in his study comparing human with machines has also 
highlighted the effects of artificial intelligence on legal due diligence in merges of corporations. 

Highlights 

• AI technologies are revolutionizing due diligence processes in M&A transactions across USA counties and cities  
• Machine learning models achieve 80.1% accuracy in predicting merger and acquisition success rates  
• ESG factors and sustainable development characteristics significantly influence AI-driven M&A decision-making  
• AdaBoost and SVM classification models demonstrate superior performance in cross-border transaction evaluation  
• Financial risk factors including size, profitability, and valuation remain critical predictors in AI-enhanced due 

diligence  
• Automated contract analysis and document review reduce due diligence timelines by up to 60% in USA markets 

1.1. Evolution and Historical Development of Artificial Intelligence in Merger and Acquisition Due Diligence 

1.1.1. Historical Foundation of Due Diligence Processes in Merger and Acquisition Transactions 

The concept of due diligence processes when carrying out corporate dealings, particularly in American corporations, 
has passed through various stages and historical lines that help in understanding how the integration of artificial 
intelligence in the process of MandA activities has revolutionized the whole process. In study by Chen et al. (2023) about 
using AI technology in mergers and acquisitions, in the first half of the 20th century, traditional approaches to due 
diligence came into force when corporations started being involved in more challenging and complex cases of business 
combinations and needed a thorough evaluation of any target company assets, liabilities, and operations potentials. 
According to research conducted by Bedekar et al. (2024) on the efficiency of the AI in due diligence processes, initial 
due diligence practices required cumbersome and subjective processes of manually reviewing documents and based on 
manual judgment, which took a lot of time and proved inaccurate in complicated transactional situations. 

The formulation of standardized due diligence systems in the mid-1980s was an indication of expanding regulatory 
pressure and the complexity of transactions in the American financial markets. A study by ACS Moschner and Co. (2019) 
on the use of artificial intelligence in the process of carrying out M and A due diligence proves that conventional 
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approaches focused on reviewing documents as extensively as possible, analyzing financial conditions of targets, and 
assessing operations to discover potential risks and opportunities of a target company. As Mangaldas (2020) has found 
on the effectiveness of AI in due diligence processes, such traditional methods typically needed large human resources 
and considerable investment of time that made their performance not as effective as needed in fast-changing market 
dynamics. As their study on artificial intelligence applications reveals, technological advancement was slow and it was 
mainly dealing with the enhancement of the data storage and retrieval processes. 

Computerization of data processing systems that took place in late 1990s marked the start of technological integration 
into due diligence processes. According to the studies by Ahmed et al. (2024) regarding the application of AI to target 
identification and due diligence approaches, the initial automation cases were centred around the financial data analysis 
and document management systems intended to enhance efficiency without changing the established analytical 
paradigm. According to the research by Bizjournals (2024), such early technological efforts gave a marginal increase in 
speed of processing but did not solve the core problems of lack of analytical capabilities and reliability of predictive 
models. Along with digital abilities, it has also followed that technological improvement has meant that electronic 
technologies brought about transparency to transactions and minimized information asymmetries which amplified on 
account of their research on MandA (Wu et al., 2018). 

1.2. Fundamental Concepts and Terminology in Artificial Intelligence Applications for MandA Due Diligence 

1.2.1. Definition of Artificial Intelligence in MandA Context 

Artificial intelligence in merger and acquisition situations refers to the advanced computing systems that are used to 
imitate human mental functions in the process of evaluating transactions. Research by Noghrehkar (2023) on how 
MandA processes can be transformed with the help of AI proves that this type of system employs the use of machine 
learning algorithms to compare and match complex patterns in financial data. Bhagwan (2020) in their study on the 
subject of AI and target identification discovered that AI has the capability to consume large volumes of structured and 
unstructured data simultaneously. As per the research conducted by Ibor (2025) on MandA challenges navigated with 
the help of AI, the technology makes it possible to analyze various patterns automatically and make predictions. Also, 
according to a study by Abbasli (2024) on the topic of due diligence and compliance it is possible to state that AI 
algorithms can retain the level of compliance and even it can be increased, at the same time accelerating the 
effectiveness of the analytical processes. 

The mechanism of AI operational in MandA functions is that of multiple and intertwined parts that operate in a 
synergistic manner to improve the decision-making steps. Investigations on AI use in overcoming challenges of MandA 
in Nigeria conducted by Adewunmi (2016) show that ML algorithms could recognize obscure relationships between 
financial quantities and transaction results. Li et al. (2022) conducted an extensive survey that revealed that neural 
networks have the ability to process multidimensional data to create the insight that could aid in the prediction. As Liu 
(2000) argues based on studies towards integrating artificial intelligence into contemporary MandA, these systems have 
the ability to consider both financial, operational and strategic entities at the same time. As the study conducted by 
Gupta (2022) to examine how AI will affect legal due diligence indicates, automated systems are capable of ensuring 
uniformity of analytical standards among various types of transactions. 

1.2.2. Machine Learning Applications in Transaction Evaluation 

Transaction analysis with the use of machine learning technologies is the breakthrough in the transactions analysis 
which means shifting the old-fashioned methods of analysis to more advanced algorithmic techniques. As a study by 
Chen et al. (2023) on the AI technology applied to MandA shows, using supervised learning algorithms, it is possible to 
learn the success rates of transactions based on the patterns in the past. The work by Bedekar et al. (2024) on the topic 
of AI effectiveness in due diligence proves that the unsupervised learning method is able to find links between the 
variables that were previously erroneously overlooked. Responding to the question of whether deep learning models 
can process complex financial statements with precision, ACS Moschner and Co. (2019) said that the answer to this 
question is in the affirmative. Also, as the article by Mangaldas (2020) on the effectiveness of AI in due diligence shows, 
ensemble methods may use several different approaches to algorithmic procedures to produce better prediction 
performance. 

1.2.3. Definition and Conceptual Framework of Due Diligence in Corporate Transactions 

Automation of due diligence process via artificial intelligence is a crucial way to change the organization of assessing 
the potential merger and acquisition opportunities. Research by Wu et al. (2018) proposing AI-enhanced due diligence 
shows that due diligence should aim at automation that will use automated systems to process legal documents, 
financial statements, and operating information processes concurrently. As per studies conducted by Siew et al. (2022) 
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on the future of MandA with the help of AI guidance, automatized analysis of a contract will allow defining possible risks 
and opportunities in a record time. As Choi at al. (2023) conducted an inquiry on the combination of AI with MandA, the 
researchers revealed that natural language processing may be used to extract such crucial data in the unstructured 
forms. Also, a study conducted by Xu et al. (2023) on the role of AI in Chinese MandA due diligence shows that 
computerized systems will be able to ensure consistency in cross-cultural and regulatory settings. 

Technical architecture of the automated due diligence systems is connected with a series of the analytical processing 
levels and mechanisms of controlling quality. As Rien (2018) says, in the studies of the impact of AI on MandA strategy, 
these systems contain data validation algorithms to make sure the information can be considered valid. A study by Baker 
et al. (2024) on the AI-powered deals proves that complex document hierarchy and interdependencies are under control 
when automated workflows are used. Johnson et al. (2022) in its paper on the practices of machine learning in cross-
border MandA learned that the automated systems are capable of coping with various regulatory demands in 
jurisdiction. According to studies by Nguyen et al. (2023) on graph-based deep learning and MandA prediction, it turns 
out that network analysis is capable of decoding latent connections among entities. 

1.2.4. Large-Scale Transaction Evaluation Methodologies and Analytical Frameworks 

The large-scale merger and acquisition transactions involve a very complicated assessment technique that can be able 
to analyze the complicated financial, operational and strategic data across several business entities and geographical 
locations. In the study by Petro-Korhonen El Bouchtili (2020) of AI-driven valuation methods in large-scale transactions, 
the transactions of this type are complex and have analytical challenges given the transaction size and complexity. Along 
with the problem of complexity, K K (2017) also states in your works that the methodology of comprehensive evaluation 
should take into account interstate regulation differences and cultures. Along the same lines, an extensive study of 
financial due diligence by Honcharenko (2024) identified that large-scale transaction requires an integrated analytical 
work that couples several evaluation strategies. In addition to the integrated methodology, holistic methodologies have 
since through their study on transaction evaluation thus argued the larger shaped deals require highly advanced risk 
analysis and strategies of valuation (Johnson et al., 2022). 

1.2.5. Environmental, Social, and Governance Integration in AI-Powered Due Diligence 

Environmental, Social, and Governance criteria have gained more significance when acquiring mergences or 
acquisitions recently due to the integration of artificial intelligence in procedures of analysis. Results of the study by 
Johnson et al. (2022) on the ESG attributes of the MandA decisions process indicate that ESG promotes the success of 
transactions and the creation of value in the long term. Besides the aspects of value creation, Abbasli (2024) give yet 
another reason regarding ESG integration through the fact that advanced analytical tools are needed to 
comprehensively gauge sustainability metrics. Likewise, when the applications of machine learning were looked into 
thoroughly, it was found that ESG factors are smattering yet essential predictive factors in the modeling of transaction 
outcomes. Other than the predictive aspects, ESG integration has also highlighted through research that sustainability 
aspects of development are necessary elements of long-term success of the transactions, and maximization of 
stakeholder value. 

1.3. Technological Evolution and Innovation Drivers in Artificial Intelligence Due Diligence Systems 

The development of the artificial intelligence technologies has led to the appearance of unique opportunities in terms 
of changing the traditional patterns of due diligence procedures during the process of a merger or acquisition. The 
technological trend in corporate transaction evaluation mechanisms can generally be seen as a microcosm of the 
technological trend to influence the American financial services industry as a whole. The study by Rahman (2021) on 
the use of artificial intelligence in MandA transactions indicated that the development of technology has been fuelled by 
the availability of more data and the computing power to use it. Along with the advances in processing, Kajewole et al. 
(2023) also claim in their research that the blockchain technologies integrate with artificial intelligence systems that 
increase the transaction security and transparency. The same research study conducted by Baumgartner (2024) 
concluded that AI transformation can be easily implemented using cloud computing platforms, which can scale machine 
learning applications on due diligence. Besides the advantages of scalability, technological advancement has, as a result 
of their research on AI impact, focused on the provision of integrated systems through which all-inclusive analysis 
facilities previously inaccessible via established means are now being made available (Li, 2018). 

The advancement of natural language processing technology has transformed document analysis and review of legal 
contracts involved in merger and acquisition due dilgence. Research by Wyatt et al. (2022), on the use of artificial 
intelligence show that NLP systems are more effective in [analyzing] legal documents to predict risks than the manual 
analysis of these documents. When K Kayhko (2023) studied about the trans-formative nature of generative AI, it was 
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identified that complex legal and financial documents might hold specific vital information that can be obtained on 
autopilot by use of the advanced language models. In an article of Noghrehkar (2023), the author claims that natural 
language processing allows analyzing such unstructured sources of information as emails, reports, and communications 
in their complete way. Based on their findings concerning the AI-based applications, Bhagwan (2020) also assert the 
positive difference that NLP technologies can make in the quality of document review process, including its accuracy 
and exhaustiveness. 

Machine learning developments have made it possible to have predictive modeling capabilities with highly advanced 
procedures to evaluate and analyze transactions and any possible risk. As per the Ibor (2025) research on AI as a 
feasible instrument, the machine learning system offers the potential to detect the pattern and relationship between 
financial data that previously is not evident using traditional analytical toolsets. Along with pattern recognition, Abbasli 
(2024) also states in their studies that supervised learning algorithms are capable of predicting the results of 
transactions with previous statistics of MandAs. In the same manner, a thorough study about the power of AI by Li et al. 
(2022) concluded that the unsupervised learning methods can be used to spot the prospective target firms that fit or 
satisfy specific strategic requirements. Moreover, in addition to identifying target, predictive modeling has also focused 
on their research outcome on cross-border transactions by arguing that machine learning algorithms are more reliable 
in valuation estimates and determination of risks (Adewunmi, 2016). 

The combination of big data analytics with artificial intelligence systems has produced extensive analysis platforms that 
can handle massive amounts of information that relate to transactions. According to Liu (2000) studies on AI 
combinations with MandA, big data platforms have facilitated real-time analysis on market conditions as well as 
competitive landscape. Gupta (2022), in their study of AI performance, have indicated that integrated analytics systems 
are the way to go, since they can analyze and process financial, operational, and strategic data simultaneously to achieve 
holistic analyses of particular transactions. In another paper on AI technology use by Chen et al. (2023), the argument 
is that big data integration allows taking into account multiple dimensions in terms of risk assessment in the context of 
transaction analysis. In their work on the application of AI, Bedekar et al. (2024) state that using analytical platforms 
that are integrated allows decision-makers to have a complete picture of the complex merger and acquisition 
opportunities. 

1.4. Environmental Social and Governance Factors Integration in Artificial Intelligence Due Diligence Systems 

1.4.1. ESG Framework Integration Through AI Technologies 

Sustainable merger and acquisition transactions are evaluated on the basis of environmental, social and governance 
criteria in the modern corporate world. The importance of their research on the matter of due diligence disruption by 
K (2017) is that generative artificial intelligence dramatically changes the way merger due diligence is conducted due 
to their exhaustive analysis possibilities. Based on a study by Honcharenko (2024) on financial due diligence, the 
problem of merging and acquisition deals needs an intricate assessment structure to influence the best result of 
decision-making. Along with the classical evaluation techniques, the artificial intelligence solutions also play an 
important role in environmental and social as well as governance factors assessment because of the automated potential 
of data processing. 

Endorsing the statement as shown by Johnson et al. (2022), the model of machine learning on the cross-border merger 
and acquisition decisions regarding the ESG features has outstanding analytical features in comparison to usual 
assessment approaches. Their studies report that ESG assessment frameworks using AI can manipulate complex data 
on multidimensional sustainability and still be precise in terms of risk evaluation processes. In its turn, holistic study 
forms the idea that sustainable development goals can optimally utilize artificial intelligence in making the process of 
conducting merger transactions more frugal due to research outcomes of Marquardt et al. (2023) stating the importance 
of utilizing artificial intelligence to indicate threats and opportunities related to ESG in MandA dealings. 

1.4.2. Advanced Environmental and Social Impact Assessment 

The incorporation of the environmental aspect in the systems of due diligence in artificial intelligence necessitates 
complex structuring frameworks that process climate-related data and sustainability ratios. Artificial intelligence 
applications in the evaluation of social factors include but are not limited to the review of stakeholders, community 
impact analysis, and employee welfare on merger transactions. Artificial intelligence capabilities are valuable to 
governance factor analysis regarding the effectiveness of corporate leadership, the members of their boards, and 
regulatory frameworks. Moreover, the use of artificial intelligence facilitates the combination of environmental, social, 
and governance by means of exhaustive data analysis and predictive modeling. 
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According to Baumgartner (2024), AI can sift through extensive volumes of ESG-related documents and compliances 
filings to uncover potential issues and sustainability risks which could have been otherwise missed during the 
procedures of conventional due diligence. Having applied the technologies of natural language processing to the tasks 
of analysis of sustainability reports, assessments of environmental impact and social responsibility documentation as 
well, and implemented as possible in various languages and regulatory regimes. 

1.4.3. Predictive ESG Risk Modeling 

Modern AI usage in ESG due diligence is more than compliance checking as it is used in traditional use cases; instead, it 
can be used in predictive risk modeling and scenario analysis. The sophisticated machine learning tools will be able to 
detect the patterns behind environmental violations, social controversies and governance failures that can be reflective 
of future threats to transaction success. It is crucial to focus on legal risks introduced to the AI technology applications 
in mergers and acquisition where there is a need to properly evaluate the ESG factors and, at the same time, have a 
profound level of analysis (Chen et al., 2023). 

1.5. Regulatory Framework Evolution Supporting Technology Integration in Corporate Due Diligence 

The evolution of the regulatory framework to facilitate the integration of technology in corporate due diligence is 
attributed to increased awareness of potential risks and advantages of artificial intelligence application in the financial 
transactions among government agencies and industry bodies. According to research by Abbasli (2024) on ways of 
improving due diligence and still respecting compliance, regulators are coming up with more advanced strategies of 
striking a balance between supporting innovation and ensuring it is being accommodated in a way that reflects the 
needs of due diligence and compliance. Adewunmi (2016) observations on overcoming MandA obstacles using AI 
technologies also dictate that effective regulatory frameworks have to be introduced that will incorporate issues of data 
privacy, transparency and accountability of algorithms as well as allow the use of effective AI implementations 
throughout different sectors of the industry. 

 

Figure 2 Regulatory framework development impact on the technology and entrepreneurial activity 

The evolution of data protection laws and regulations around the globe like the California Consumer Privacy Act and 
state-level equivalents has presented relevant implications on AI implementation in due diligence practice. The bodies 
of literature presented by Li et al. (2022) concerning AI impact on cross-border MandA due diligence prove that 
companies should carefully consider the balance between sophisticated analytical tools and the high level of data 
privacy and security that avoids any safety breaches of sensitive data during the transaction process reviews. A study 
by Liu (2000) on AI integration with MandA during the modern times indicates that regulatory requirements have made 



World Journal of Advanced Research and Reviews, 2025, 27(02), 2035-2076 

2042 

it necessary that the emerging data governance models be intricate in their provision of the ability to maintain the 
confidentiality of information, as well as their needs to facilitate the facility of analytics. 

Regulations on a financial service such as compliance with laws like the Sarbanes-Oxley Act and SEC disclosure 
requirements adds another layer of complexity to the AI integration into the due diligence process. The study by Gupta 
(2022) on AI effects on legal due diligence in the MandA emphasizes that companies should make sure that the 
algorithm-based analysis process is of high accuracy rates and adequate documentation that is needed to comply with 
the rules and regulations that may be subjected to legal reitz in future. Articles by Chen et al. (2023) about the field of 
AI technologies usage and legal risks show that regulations still develop to solve raised issues related to automated 
systems of decision-making and still meet requirements of appropriate investor protection. 

1.6. Corporate Governance Theory and Institutional Framework Analysis in Artificial Intelligence Due 
Diligence 

1.6.1. AI-Driven Governance Assessment Frameworks 

Corporate governance theory offers fundamental principles in guaranteeing an insight into the process of how artificial 
intelligence application has influenced on the process of merger and acquisition decision-making. With artificial 
intelligence application, the institutional framework analysis will get improved regulatory compliance assessment and 
risk analysis abilities. The assumptions used in the field of corporate governance offer artificial intelligence 
implementation approaches to the process of due diligence of mergers. Moreover, artificial intelligence integration is 
promoted by the applications of the institutional theory in comprehensively examining the framework of regulations. 

Abbasli (2024) chooses a new flank in the use of AI in terms of mergers and acquisitions, as well as its alignment with 
the regulatory framework, showing that the technology should pass the test of compatibility with the institutional rules 
of governance without loss of analytical efficiency. The study concludes that the use of theories of governance in AI-
accelerated due diligence should pay special attention to regulatory compliance and fitting the institution aspects. 

1.6.2. Predictive Governance Risk Assessment 

Corporate governance theory offers fundamental principles in guaranteeing an insight into the process of how artificial 
intelligence application has influenced on the process of merger and acquisition decision-making. With artificial 
intelligence application, the institutional framework analysis will get improved regulatory compliance assessment and 
risk analysis abilities. The assumptions used in the field of corporate governance offer artificial intelligence 
implementation approaches to the process of due diligence of mergers. Moreover, artificial intelligence integration is 
promoted by the applications of the institutional theory in comprehensively examining the framework of regulations. 

Abbasli (2024) chooses a new flank in the use of AI in terms of mergers and acquisitions, as well as its alignment with 
the regulatory framework, showing that the technology should pass the test of compatibility with the institutional rules 
of governance without loss of analytical efficiency. The study concludes that the use of theories of governance in AI-
accelerated due diligence should pay special attention to regulatory compliance and fitting the institution aspects. 

1.6.3. Institutional Compliance Automation 

The institutional compliance analysis that has to be done in complex merger transactions can be automated to a large 
degree using AI systems. In the due diligence, AI-based approach can review regulatory environment in various 
jurisdictions at the same time, find a point of possible compliance inconsistency and regulatory risks that can affect 
decision-making regarding a transaction. This is extremely useful in cross-border deals where law in two or more 
jurisdictions has to be taken into account at the same time. 

1.7. Ecosystem Risk Assessment and Information Asymmetry Reduction Through Artificial Intelligence 
Applications 

1.7.1. Comprehensive Risk Evaluation Frameworks 

Ecosystem risk assessment service plays an important role in the complete merger and acquisition due diligence. The 
use of artificial intelligence ensures that risk evaluation capabilities are improved with complex data analysis and 
subsequent predictive modeling schemes. The benefits of artificial intelligence integration are that artificial intelligence 
helps to reduce information asymmetry because it provides greater transparency of data and robust data analysis. 
Methods of artificial intelligence usage in ecosystem risk theory of due diligence process in mergers are driven by 
theoretical backgrounds in ecosystem risk theory. 
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In a paper by Siew et al. (2022), risk allocation in AI-guided transactions is investigated, and it proves that through the 
use of artificial intelligence, risks can be identified and measured which may be unimportant or minor in a traditional 
framework. According to their study, AI-empowered risk assessment can improve the quantification of the risks and 
better distribute them among the parties of the transaction. The conclusions by Zhou et al. (2022) reinforce these 
findings as they add that AI in due diligence is a trend of high potential due to which due diligence risk assessment could 
be improved. 

1.7.2. Advanced Information Asymmetry Mitigation 

Artificial intelligence-empowered risk factor analysis offers a better set of capabilities to assess systematic risk factor, 
regulatory risk factor and operational risk factor of a merger transaction. The asset of reducing information asymmetry 
by implementing artificial intelligence applications has significant value propositions when applied in the acquiring 
companies premise due to increased transparency and greater analytical capacity of resources. The advantages of 
artificial intelligence in ecosystem risk hypothesis testing are the ability to generate high-quality data analysis and 
predictive modeling systems to address the problem. Moreover, risk assessment procedures that have been improved 
with the help of artificial intelligence can be characterized as more accurate when it comes to determining rates of 
transaction success, related to a merger. 

According to Noghrehkar (2023), the decoding of information asymmetries through the adoption of artificial 
intelligence in the MandA process is varied because information is made available to both parties through more 
complete and precise data analytical capabilities. The AI systems are able to analyze and collect information on multifold 
sources of information sources, which likely creates a more balanced process of information access between acquiring 
and target companies. 

1.7.3. Predictive Risk Modeling and Scenario Analysis 

With the current use of AI, more complex scenario analysis and predictive risk modeling are possible, which can help 
prepare and avoid the occurrence of certain transaction barriers before they become major problems. According to Liu 
(2000) thanks to artificial intelligence and mergers and acquisitions in the modern world, the risk evaluation 
capabilities have become even more refined to the point where chances of success of transactions can be evaluated even 
more accurately than using old methods. Advanced machine learning algorithms have the capability of detecting 
patterns in the historical data on transactions and use the information to evaluate the present deals. 

1.8. Economic Impact Assessment and Value Creation Through AI-Enhanced Due Diligence Processes 

The economic impact of artificial intelligence enforcement in merger and acquisition due diligence does not only focus 
on direct cost-reductions but it encompasses increased success rates of transactions and the ability to create more value. 
As the study by Zhou et al. (2022) on the current state of AI in due diligence shows, businesses that employ AI solutions 
are experiencing massive decreases in cost and time necessitated by due diligence. Together with the cost savings, Wu 
et al. (2019) also witness in their works that AI-driven solutions allow to perform a more comprehensive review of 
potential acquisition targets and high-priority variables. To the same effect, an exhaustive study conducted by Cazzaro 
(2024) discovered that AI technologies invariably lead to better transactions based on their ability to conduct good risk 
analysis and valuation. Along with better results, there have been economic payoffs as well as revealed through their 
research on AI-driven valuation that through AI systems companies have been able to consider more potential 
transactions despite the limitations on resources (Petro-Korhonen El Bouchtili, 2020). 

Efficiency gains because of the artificial intelligence application of incorporating less information asymmetries and 
increasing the efficiency of price discovery mechanisms of the merger and acquisition markets. Research by K KAYHKO 
(2017) on generative AI disruption reveals that AI systems are more effective than conventional analysis in terms of 
revealed mispriced assets and arbitration possibilities. In their study on financial due diligence, Honcharenko (2024) 
concluded that e-modifying valuation models, AI-driven, give more realistic price rates and limit the incidences of 
pricing factions during transactions. In another paper by Johnson et al. (2022) on predictions of cross-border mergers, 
it is pointed out that AI technologies enhance transparency in the markets and lower transaction prices in the global 
MandA markets. Indeed, Nguyen et al. (2023) state in their study on the subject of graph-based deep learning that AI 
systems lead to more efficient capital allocation and a smoother functioning of the market, as a whole. 

Creation of competitive advantages by the use of artificial intelligence in the process of doing due diligence has helped 
the company to come up with best strategic transactions compared to the companies that have shown lack of 
competitive advantage due to their historical traditional due diligent approach. The research on automated contract 
analysis conducted by Bharadwaj et al. (2021) also suggests that companies with a high level of AI can react to 
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opportunities related to acquisitions faster and competitive threats. Along with speed in responding to situations, 
Bedekar et al. (2024) also state in their research that AI systems allow a business to analyze more sophisticated 
transactions and determine where unique value lies. Likewise, a study by Zhou et al. (2022) on AI in due diligence has 
revealed that the pioneers in adopting AI perform better in terms of transaction result and bond performance than the 
rivals operating through established methods. Besides better performance, competitive advantages have, as a result of 
the research done on the AI-powered due diligence, revealed that those companies that possess the AI capability, can 
be more aggressive on growth strategy, and expansion strategies to their markets (Wu et al., 2019). 

1.9. Research Questions 

This study addresses the following key research questions regarding artificial intelligence applications in due diligence 
processes for large-scale merger and acquisition transaction evaluation 

• RQ1: How effectively do machine learning algorithms predict merger and acquisition transaction success rates 
compared to traditional due diligence evaluation methods? 

• RQ2: What impact do ESG factors have on AI-powered due diligence processes and transaction outcome 
predictions in cross-border merger and acquisition activities? 

• RQ3: How do natural language processing technologies enhance contract analysis and document review 
efficiency in large-scale merger and acquisition due diligence processes? 

• RQ4: What are the primary implementation difficulties and regulatory compliance considerations for artificial 
intelligence systems in merger and acquisition due diligence processes? 

• RQ5: How do AI-powered valuation models compare to traditional financial analysis methods in terms of 
accuracy and reliability for large-scale transaction evaluation? 

1.10. Research Objectives 

• This study aims to achieve the following specific objectives in examining artificial intelligence applications in 
merger and acquisition due diligence processes: 

• To evaluate the predictive accuracy and reliability of machine learning algorithms in determining merger and 
acquisition transaction success rates using comprehensive financial and operational datasets. 

• To assess the integration of environmental, social, and governance factors in AI-powered due diligence systems 
and their impact on sustainable transaction outcomes. 

• To analyze the effectiveness of natural language processing technologies in automating contract analysis and 
document review processes for large-scale merger and acquisition transactions. 

• To identify and evaluate the primary implementation difficulties, regulatory compliance requirements, and risk 
management considerations associated with AI system deployment in merger and acquisition due diligence 
processes. 

1.11. Statement of the Problem 

The conventional process of merger and acquisition due diligence has notable limits in addressing the quantity and 
befuddling nature of information that a transaction needs in the present-day dynamic and worldwide corporate world. 
The study by Rahman (2021) investigating AI applications in MandA processes provides the information in accordance 
with which traditional due diligence procedures are mostly characterized by the manual review that is resource-
inefficient, has low quality based on the human element, and unsuitable to work with large data. Besides limitations 
related to processing, the studies by Kajewole et al. (2023) also claim that traditional practices might overlook the most 
important patterns and relationships that would play a significant role in the transaction outcomes and the overall value 
creation in the long term. On the same ground, a white paper on AI transformation by Baumgartner (2024) revealed 
that manual due diligence procedures may require several months before completion of the complex transactions 
putting tremendous opportunity costs and competition penalties to the acquiring firms. Besides being limited by time, 
as the findings of their study on AI impact establish, human analytical capacity has been limited on a fundamental level 
when addressing multi-billion-dollar transactions that involve numerous business units, geographic regions and 
regulatory jurisdictions (Li, 2018). 

The rise in the complexity of modern merger and acquisition transactions, especially cross-border transactions that 
involve Environmental, social and governance factors, has left conventional due diligence facilities outclassed and 
necessitated the need to employ more sophisticated analytic methodologies to achieve this. According to the research 
conducted by Wyatt and colleagues (2022) on the introduction of artificial intelligence, traditional methods of due 
diligence fail to ensure the inclusion of ESG factors into the transaction assessment framework. In their study on 
generative AI transformation, Noghrehkar (2023) discovered that the customary methods cannot provide the level of 
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analysis needed to calculate the risk and opportunity of sustainability that are becoming more significant determinants 
of the long-term transaction success. In the research by Noghrehkar (2023) on AI transformation in MandA procedures, 
the author states that manual analysis does not have sufficient validation in measuring interrelated relations of financial 
performance, environmental impact, social responsibility, and effectiveness of governance. This is supported by 
Bhagwan (2020) in their paper on AI applications who state that the current due diligence process is unable to cope 
with the depth and breadth of the modern merging and acquisition transaction, in a more globalized world. 

1.12. Significance of the Study 

This study contributes significantly to the understanding of artificial intelligence applications in merger and acquisition 
due diligence processes and provides valuable insights for practitioners, researchers, and policymakers involved in 
corporate transaction evaluation. Based upon the investigations by Ibor (2025) of the AI as a promising instrument, the 
following study fills a number of key research gaps of probing effectiveness and application of the AI technologies in the 
large-scale processes of transaction evaluation. Along with filling knowledge gaps, Abbasli (2024) also postulates in 
their works that investigations in this sphere are needed to form best practices and regulations that will reduce the risk 
of innovation and stakeholder protection balance. In a similar way, a large-scale study of AI impact by Li et al. (2022) 
showed that the empirical investigations of the application of AI in due-diligence procedures present the crucial proof 
in the process of making the investment decision and technology adoption strategies. Besides the practical use, this 
study has therefore deduced based on their research on cross-border transactions that their academics contribution to 
the field does help in the advancement of more adept theoretical logic towards the comprehension of impact of AI on 
corporate finance and strategic management (Adewunmi, 2016). 

The practical implications of this study extend to multiple stakeholder groups including investment banks, private 
equity firms, corporate development teams, and regulatory agencies responsible for overseeing merger and acquisition 
activities. According to the studies conducted by Liu (2000) on the combinations between AI and MandA, the results of 
research work may guide the practices of investments in technologies and their application to financial services 
management firms. When exploring the effectiveness of AI, Gupta (2022) discovered that empirical data on the 
experiences of AI applications can assist organizations to establish an effective due diligence procedure within the 
company and enhance the results of transactions. In another study conducted by Chen et al. (2023) on the use of AI 
technology, the argument is that research contributions provide industry best practice and standards to guide AI 
application in the financial practices. Bedekar et al. (2024) confirm in their research on AI application that academic 
studies offer all the necessary bases of preparing training programs, professional development activities and 
regulations, and formation of supportive policies in the fast-changing landscape of AI-enabled financial analysis. 

2. Related studies 

2.1. Machine Learning Applications in Financial Data Analysis and Risk Assessment Procedures 

One of the biggest technological advancements in current process of due diligence has been the use of machine learning 
algorithms in analysis of financial data. Based on the findings of the study by Baker et al. (2024) on the use of AI-driven 
navigation of deals, it is possible to conclude that supervised learning methods prove to be effective in recognizing 
patterns in self-renewing patterns of historical financial data that accurately forecast future performance patterns and 
possible risk issues compared to standard methods of analysing financial information. As it is reported by Johnson et al. 
(2022) in their research on machine learning application in cross-border MandA decisions, classification algorithms can 
be especially efficient in terms of differentiating financial risks applied to broad analysis of balance sheet measures, 
cash flow ratios, and operational performance rates in different industry sectors and market conditions. 

The use of ensemble techniques and the modern regression tools has transformed the manner in which financial 
professionals execute the target company valuation processes as well as the risk assessment practices. Graph-based 
deep learning analysis conducted by Nguyen et al. (2023) indicates that the random forest models and gradient boosting 
predictors can consistently surpass the results of traditional financial model in forecasting the likelihood of success of 
a transaction and any integration issues that might occur. A study on automated contract analysis in MandA transactions 
by Bharadwaj et al. (2021) shows that automated and machine learning models are able to process multiple sources of 
data in parallel such as financial statements, market data, and operational metrics to be able to give a complete and 
detailed risk assessment to go beyond what human capability can analyze solely. 
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Table 1 Comparative Analysis of Machine Learning Algorithms in Financial Due Diligence and Risk Assessment 

Algorithm 
Type 

Primary 
Application 

Data 
Processing 
Capability 

Accuracy 
Rate 

Implementation 
Complexity 

Industry 
Adoption 

Risk 
Assessment 
Scope 

Random 
Forest 

Financial Risk 
Prediction 

Structured 
Financial Data 

85-92% Moderate High Comprehensive 

Support Vector 
Machine 

Credit Risk 
Analysis 

Mixed Data 
Types 

78-85% High Moderate Focused 

Neural 
Networks 

Pattern 
Recognition 

Large 
Datasets 

88-95% Very High Moderate Extensive 

Gradient 
Boosting 

Performance 
Forecasting 

Time Series 
Data 

82-89% High High Detailed 

Logistic 
Regression 

Classification 
Tasks 

Structured 
Data 

75-82% Low Very High Basic 

Decision Trees Rule-based 
Analysis 

Categorical 
Data 

72-79% Low High Moderate 

K-Means 
Clustering 

Data 
Segmentation 

Numerical 
Data 

70-85% Moderate Moderate Exploratory 

Ensemble 
Methods 

Comprehensive 
Analysis 

Multiple 
Sources 

90-96% Very High Moderate Complete 

Deep Learning Complex 
Patterns 

Unstructured 
Data 

87-94% Very High Low Advanced 

Reinforcement 
Learning 

Adaptive 
Analysis 

Dynamic Data 83-91% Very High Low Evolving 

Naive Bayes Probability 
Assessment 

Text and 
Numerical 

73-80% Low Moderate Statistical 

Association 
Rules 

Relationship 
Discovery 

Transactional 
Data 

68-76% Moderate Low Relational 

Source: Compiled from Baker et al. (2024), Johnson et al. (2022), and Nguyen et al. (2023) 

An amalgamation of traditional financial data and alternative data sources has helped to increase the predictability of 
learning models used in analysing mergers and acquisitions. The analysis of contracts by the automatic approach 
provided by the research of Bharadwaj et al. (2021) shows that the inclusion of social media sentiment, news analytics, 
and patent data enhances the prediction of transaction outcomes. In the study of the effectiveness of the use of AI in 
their investigation, Bedekar et al. (2024) concluded that alternative sources of data offer preliminary signs of upcoming 
operational or future financial problems, which would not be evident using traditional financial reporting. In yet another 
piece of research conducted by Zhou et al. (2022) on AI in due diligence, the claim is that the more data can be integrated, 
the more representative valuation models and the more statistically significant value creation opportunities in the 
category of strategic value can be identified. In line with what they have discovered in their paper about AI-powered 
due diligence research, Wu et al. (2019) do confirm that applications of alternative data are also such a major 
competitive edge that companies should enjoy once they have integrated a highly capable AI to their MandA due 
diligence methods. 

2.2. Environmental, Social, and Governance Factor Integration in Artificial Intelligence Due Diligence Systems 

The due diligence systems based on the artificial intelligence have a growing importance of integrating the 
Environmental, Social and Governance factors to inform merger and acquisition decision-making processes in a 
sustainable way at the present. As the study carried out by Johnson et al. (2022) on the insights into ESG attributes in 
MandA decisions shows, those companies who have higher ESG ratings perform much better in the transaction success 
in the long-run and in creating value to stakeholders. Besides the evidence on performance improvements, Abbasli 
(2024) further suggest in their literature that a sophisticated analytical framework would be necessary in ESG 
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integration because such framework has the ability of multiprong sustainability measurements. In a similar vein, an 
extensive study regarding the viability of AI as such by Ibor (2025) revealed that AI-based systems on ESG can detect 
the possibility of reputational harm and regulatory non-compliance that may not be detected by conventional due 
diligence practices. Beyond the process of risk identification, ESG integration, as a result of their cross-border AI 
influence study, has highlighted in their research that sustainable development factor is critical to ensuring long-term 
viability of transactions, as well as creation of competitive advantage (Li et al., 2022). 

Artificial intelligence-based approach to environmental risk analysis permits exposure to comprehensive assessment 
of climate exposures and indicators of sustainability performance in merger and acquisition deals. Indeed, evidence 
provided in the studies of Adewunmi (2016) on how to maneuver through the challenges of MandA reveals that AI-
driven environmental analysis is more accurate in measuring the consequences on carbon footprints and the extent of 
regulatory compliance cost as compared to the manual modes of assessing the same. Liu (2000) in their study on 
combination of AI and MandA discovered that through machine learning algorithms future environmental liability can 
be predicted and opportunity of improvement of operational efficiencies as well. Another study conducted by Gupta 
(2022) in terms of the human vs machines analysis proposes that an AI system is more objective in terms of the 
environmental impact assessment as it not only eradicates the human factor which could influence the results it also 
increases the consistency of the data. This is proven by Chen et al. (2023) in their research on the application of AI 
technology in risk modeling of the environment that supports improved strategic planning and resource management 
in the process of integration of acquisitions. 

Table 2 ESG Factor Integration in AI-Powered Due Diligence Systems  

ESG Component AI Analysis 
Method 

Data Sources Prediction 
Accuracy 

Risk 
Assessment 
Level 

Appprox. 
Implementation 
Cost 

Carbon Footprint 
Analysis 

Machine 
Learning Models 

Environmental 
Reports, Regulatory 
Filings 

87.3% High $250,000 

Waste 
Management 
Systems 

Pattern 
Recognition 

Operational Data, 
Compliance Records 

82.1% Medium $180,000 

Energy Efficiency 
Metrics 

Predictive 
Analytics 

Utility Data, 
Performance Reports 

84.6% Medium $200,000 

Water Resource 
Management 

Deep Learning 
Analysis 

Resource Usage Data, 
Environmental 
Impact 

79.4% High $220,000 

Biodiversity 
Impact 
Assessment 

Satellite Data 
Analysis 

Geographic 
Information Systems 

75.8% Very High $350,000 

Employee 
Satisfaction 
Metrics 

Sentiment 
Analysis 

HR Data, Survey 
Results 

88.2% Low $150,000 

Diversity and 
Inclusion 
Programs 

Statistical 
Modeling 

Workforce 
Demographics, 
Policy Data 

83.7% Medium $175,000 

Community 
Relations 
Assessment 

Social Media 
Analytics 

Public 
Communications, 
News Data 

81.9% Medium $160,000 

Supply Chain 
Ethics Evaluation 

Network 
Analysis 

Vendor Data, 
Compliance Records 

86.5% High $280,000 

Board 
Composition 
Analysis 

Governance 
Modeling 

Corporate Filings, 
Board Minutes 

89.1% Low $120,000 
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Executive 
Compensation 
Review 

Regression 
Analysis 

Financial Reports, 
Proxy Statements 

85.3% Medium $140,000 

Internal Controls 
Assessment 

Audit Trail 
Analysis 

Control 
Documentation, Test 
Results 

87.8% High $190,000 

Regulatory 
Compliance 
Monitoring 

Real-time 
Processing 

Legal Databases, 
Regulatory Updates 

91.2% Very High $400,000 

Stakeholder 
Engagement 
Metrics 

Communication 
Analysis 

Stakeholder 
Feedback, Meeting 
Records 

78.6% Medium $165,000 

Source: Adapted from Johnson et al., 2022; Abbasli, 2024; Ibor, 2025; Li et al., 2022; Adewunmi, 2016; Liu, 2000). 

Governance effectiveness ratings using artificial intelligence systems access board composition, executive acquittal 
scales, and internal check systems to figure out the quality of the organization and the effectiveness of the management. 
Research by Bizjournals (2024) concerning the use of AI in due diligence shows that governance analysis using AI is 
more effective at detecting issues of potential agency problems and conflict of interests than traditional evaluation. 
When researching on the impact of AI in MandA transactions, Reed Smith (2020) have come to the realization that the 
AI can be used to analyze historical patterns in performance of the management team and strategic choice of decision 
making. In another report about AI combinations (Zuiderwijk et al., 2021), it is stated that AI-based governance 
assessment leads to the creation of more holistic level risks management, as well as to the possibility to create post-
acquisition management strategy based on it. Considering their study on MandA research, Wu et al. (2018) conclude 
that governance analysis occurring with the help of AI considerably enhances the quality of the transaction due diligence 
and diminishes risks associated with the integration following the takeover. 

2.3. Machine Learning Applications and Predictive Analytics in Transaction Evaluation Systems 

Machine learning technologies have transformed the evaluation approach to transactions with advanced forms of 
algorithmic-based capability providing pattern recognition and predictive modelling capabilities far greater than 
traditional analytical methods. As Johnson et al. (2022) explain in their research on machine learning applications in 
cross-border MandA, supervised learning solutions are indicated in highly effective operations on purposefully 
collected multidimensional data that involves financial indicators, operational metrics, and market intelligence 
variables. As Nguyen et al. (2023) revealed in the systematic review of the use cases of deep learning in the MandA 
predictions, neural network models have higher accuracies compared to statistical ones when it comes to the prediction 
of transactions outcomes. Observations of studies on automated contract analysis by Bharadwaj et al. (2021) reveal that 
the frameworks of machine learning incorporate classification, regression, and clustering models to maximize depth of 
analysis and decision support.  

The introduction of the developed predictive analytics has greatly improved the risk analysis and the synergy 
signalization in a complicated merger and acquisition deals. Based on the study by Cazzaro (2024) of the implications 
of AI and machine learning on deals results, predictive models combine previous data regarding performance results, 
market circumstances, and business metrics to produce likelihoods of the deal result. According to the results of their 
research on valuation strategies based on AI, Petro-Korhonen El Bouchtili (2020) concluded that the methods based on 
multiple algorithms (ensemble methods) are more accurate in terms of forecasting performance, than single-algorithm 
algorithms. As the success of the integration is determined by the number and extent of the integration challenges and 
the available synergy opportunities, the research by Wu et al. (2019) on AI-powered due diligence showed that 
predictive analytics modelling could help identify probable integration obstacles and potential synergy opportunities 
by conducting scenario analysis and sensitivity modelling. As confirmed by their report on machine learning models 
used in MandA predictions, Johnson et al. (2022) state that accuracy of predictive analytics solutions exceeds 80% in 
merger success rate predictions due to the extensive ability to analyze factors and recognize patterns. 
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Table 3 Machine Learning Applications in MandA Due Diligence Processes 

ML Algorithm 
Type 

Application 
Area 

Data Processing 
Capability 

Processing 
Speed 

Implementation 
Complexity 

Industry 
Usage 

Supervised 
Learning 

Target 
identification 

Financial and 
operational 
datasets 

High-speed 
processing 

Moderate 
complexity 

Investment 
banking 

Unsupervised 
Learning 

Pattern 
recognition 

Unstructured data 
analysis 

Variable 
speed 

High complexity Consulting 
firms 

Deep Neural 
Networks 

Risk 
assessment 

Multi-dimensional 
data integration 

Intensive 
processing 

Very high 
complexity 

Technology 
companies 

Random Forest Valuation 
modeling 

Financial metrics 
analysis 

Fast 
processing 

Low complexity Financial 
institutions 

Support Vector 
Machines 

Classification 
tasks 

Document 
categorization 

Moderate 
speed 

Moderate 
complexity 

Legal service 
providers 

Decision Trees Decision 
support 

Rule-based 
analysis 

Fast 
processing 

Low complexity General 
consulting 

Gradient Boosting Performance 
prediction 

Sequential learning 
optimization 

Moderate 
speed 

Moderate 
complexity 

Data analytics 
firms 

Clustering 
Algorithms 

Market 
segmentation 

Competitive 
landscape analysis 

Fast 
processing 

Moderate 
complexity 

Market 
research 
companies 

Regression 
Analysis 

Financial 
forecasting 

Revenue and cost 
projections 

Fast 
processing 

Low complexity Financial 
modeling 
teams 

Natural Language 
Processing 

Document 
analysis 

Contract and legal 
document review 

Variable 
speed 

High complexity Legal 
technology 
providers 

Time Series 
Analysis 

Trend 
prediction 

Historical 
performance 
evaluation 

Moderate 
speed 

Moderate 
complexity 

Financial 
analytics firms 

Reinforcement 
Learning 

Strategy 
optimization 

Dynamic decision-
making support 

Intensive 
processing 

Very high 
complexity 

Advanced AI 
companies 

Convolutional 
Networks 

Image 
recognition 

Visual data analysis 
(charts, graphics) 

High-speed 
processing 

High complexity Technology 
consulting 

Source: Adapted from Nguyen et al. (2023), Bharadwaj et al. (2021), and Zhou et al. (2022) 

Machine learning framework systems have been proved to be very competent in analysing complex data sets that 
include environmental, social and governance data as well as common financial measures. Through literature by 
Johnson et al. (2022) on ESG attributes in the context of MandA decision making, machine learning algorithms have 
proven to comprehensively combine sustainability indicators alongside financial performance indicators to give 
comprehensive assessment models. As it is conducted by Baker et al. (2024) concerning AI-powered deals, advanced 
algorithms work with the scoring systems of ESG indicators, stakeholder modeling, and environmental sustainability 
indicators that aid the present-day, more widely applicable process of merger and acquisition decision-making. 
According to the study by Nguyen et al. (2023) on AI use in business analytics, the machine learning models have proven 
to be more powerful in the discovery of relationships between the ESG variables and long-term financial performance 
outcomes.  

2.4. Natural Language Processing Technologies and Automated Document Analysis in Due Diligence Processes 

Natural Language Processing technologies have transformed the way of analyzing documents when conducting merger 
and acquisition due diligence processes because they are now able to automatically extract and analyze important 
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information contained in huge document repositories. As the study conducted by Siew et al. (2022) on the future of 
mergers and acquisitions supposes, with the assistance of NLP systems, thousands of legal documents can be analyzed 
in parallel and the key contractual terms, obligations, and possible risks identified at the record speed and accuracy. 
Besides the capabilities of processing, Choi et al. (2023) also contend in their researches that advanced language models 
have the ability to find context and connotation through the legal language that can only be interpreted by the human 
expertise. Likewise, in their extensive study of AI, impact on due diligence, Xu et al. (2023) have discovered that NLP 
technologies have the ability to detect inconsistencies and contradictions across a set of documents that traditional 
manual review may overlook.  

 

Figure 3 AI in Mergers and Acquisitions 

Natural language processing can be used to analyze contracts in order to automatically determine the critical terms, 
conditions, and risks content contained in complex legal agreements that are related to the merger and acquisition 
transactions. The research by Baker et al. (2024) on AI-powered deals illustrates that the NLP-based machine can find 
key specifications in contracts such as termination conditions, indemnification conditions, and regulatory compliance 
clauses faster than the human review mechanism. Johnson et al. (2022) in their study of machine learning models 
concluded that automated contract analysis has the potential to detect known areas of potential legal exposure and 
bargaining depending on which has a profound effect on the valuation of transaction and structure. Another study by 
Nguyen et al. (2023) on graph-based deep learning says that NLP technologies can be used to map contractual 
relationship between several agreements to determine the conflicts and dependencies. As demonstrated in their 
research on automated contract analysis, Bharadwaj et al. (2021) confirm that NLP-assisted contract review not only 
decreases the amount of lawful due diligence by the specified minimum of seven-fold but also makes it even more 
straightforward, in that it enhances the analytical depth and accuracy. 

2.5. Predictive Analytics Models for Transaction Outcome Assessment and Strategic Decision Support 

The predictive analytics models have become a valuable tool in the aspect of improving the levels of strategic decision 
making in the due diligence procedures as it is capable of giving data-based predictions on the likelihood of success and 
challenges involved in the integration process. Wyatt et al. (2022) study in the integration of AI in MandA processes 
supports this by showing that advanced forecasting models can use existing data on similar transactions, market 
dynamics, and company-particular factors to estimate the performance of the post-merger with a success rate of more 
than 85 percent in a controlled experimental environment.  According to Nguyen et al., (2023), predictive models are 
especially useful in defining due diligence transformations by locating potential synergy and integration threats 
overlooked or underestimated by traditional methods of analytical inspections during the overseeing of transactions. 
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Table 4 Predictive Analytics Models for MandA Transaction Outcome Assessment 

Model Type Predictio
n 
Accuracy 

Data 
Requiremen
ts 

Implementati
on Cost 

Validatio
n Period 

Strategic 
Value 

Market 
Adoption 

Regulatory 
Complianc
e 

ARIMA Time 
Series 

82-88% Historical 
Financial 

$50K-$150K 6-12 
months 

Very High Widesprea
d 

Compliant 

Vector 
Autoregressi
on 

85-91% Multi-
variable Data 

$100K-$300K 8-15 
months 

Excellent Moderate Compliant 

Monte Carlo 
Simulation 

78-85% Probabilistic 
Inputs 

$200K-$500K 12-18 
months 

Outstandi
ng 

Limited Requires 
Review 

Neural 
Network 
Forecasting 

87-94% Large 
Datasets 

$150K-$400K 10-16 
months 

Excellent Growing Under 
Review 

Regression 
Analysis 

75-82% Structured 
Data 

$25K-$75K 3-6 
months 

Good Universal Compliant 

Decision Tree 
Modeling 

73-80% Categorical 
Data 

$40K-$120K 4-8 
months 

Good High Compliant 

Random 
Forest 
Prediction 

84-90% Mixed Data 
Types 

$80K-$250K 6-12 
months 

Very High High Compliant 

Support 
Vector 
Regression 

79-86% Numerical 
Data 

$70K-$200K 5-10 
months 

High Moderate Compliant 

Ensemble 
Forecasting 

89-95% Multiple 
Sources 

$300K-$750K 15-24 
months 

Outstandi
ng 

Limited Requires 
Oversight 

Bayesian 
Networks 

81-87% Causal 
Relationships 

$120K-$350K 8-14 
months 

Excellent Low Under 
Developme
nt 

Gradient 
Boosting 

86-92% Structured 
Data 

$100K-$280K 7-13 
months 

Very High Moderate Compliant 

Long Short-
Term 
Memory 

88-93% Sequential 
Data 

$180K-$450K 12-20 
months 

Excellent Emerging Pending 
Review 

Source: Compiled from Wyatt et al. (2022), Käyhkö (2023), and Noghrehkar (2023) 

The advancement of scenario analysis and Monte Carlo simulation features has opened up the possibility of full-scale 
risk analysis and strategic designing in the due diligence practices. As it was described in the Ibor (2025) study 
concerning navigating the MandA challenges with the help of the AI implementation the simulation techniques of high 
level enable the modeling of thousands of potential outcomes based on different assumptions that can be provided 
concerning the market environment, responses within the competitors, and integration implementation performance. 
The research conducted by Abbasli (2024) on the market of improving due diligence without sacrificing compliance 
shows that the abilities of scenario analysis allow decision-makers to perceive the possible scope of impacts and design 
contingency plans of a variety of risk scenarios which may appear during the process of post-merger integration. 

Availability of real-time data feeds and the inherent ability to model dynamically have revolutionized the traditional 
processes of transaction evaluation to an ongoing process. A study by Adewunmi (2016) on how AI tools can make 
navigating MandA challenges continues to update its forecasting through the emerging market intelligence, competitive 
dynamics and regulatory shifts that may alter the results of transactions. As Li et al. (2022) research about AI impact on 
cross-border MandA due diligence suggests, the dynamic modeling functionalities offer a particularly significant value 
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in transaction processes that take a long time and where the situation on the market or the competitive environment 
may change considerably by the time the deal is closed. 

2.6. Regulatory Compliance and Risk Management Frameworks in Artificial Intelligence Enhanced Due 
Diligence 

Table 5 Regulatory Compliance Framework for Artificial Intelligence in Merger and Acquisition Due Diligence 

Regulatory 
Domain 

Compliance 
Requiremen
ts 

Risk 
Assessment 
Criteria 

Monitoring 
Mechanisms 

Enforcemen
t Penalties 

Implementatio
n Costs 

Compliance 
Complexity 

Data 
protection 

GDPR 
compliance 
standards 

Data privacy 
risk 
evaluation 

Continuous 
monitoring 
systems 

Significant 
financial 
penalties 

High 
compliance 
costs 

Complex 
implementatio
n 

Algorithmic 
transparency 

Explainable 
AI 
requirements 

Algorithm 
bias 
assessment 

Regular audit 
requirements 

Regulatory 
sanctions 

Moderate 
implementation 
costs 

Technical 
complexity 

Financial 
regulations 

Securities law 
compliance 

Financial 
disclosure 
risks 

Regulatory 
reporting 
requirements 

Legal 
enforcement 
actions 

Ongoing 
compliance 
costs 

Regulatory 
complexity 

Cross-border 
compliance 

International 
regulatory 
harmonizatio
n 

Jurisdictional 
risk 
assessment 

Multi-
jurisdictional 
monitoring 

Varied 
penalty 
structures 

Complex 
compliance 
costs 

International 
complexity 

Industry-
specific 
regulations 

Sector-
specific 
requirements 

Industry risk 
evaluation 

Specialized 
monitoring 
frameworks 

Industry-
specific 
penalties 

Specialized 
compliance 
costs 

Sector 
complexity 

Ethical AI 
standards 

Ethical 
framework 
compliance 

Ethical risk 
assessment 

Ethics 
monitoring 
systems 

Reputational 
penalties 

Ethics 
implementation 
costs 

Ethical 
complexity 

Cybersecurit
y 
requirements 

Security 
framework 
compliance 

Cybersecurit
y risk 
assessment 

Security 
monitoring 
systems 

Security 
breach 
penalties 

Security 
implementation 
costs 

Security 
complexity 

Intellectual 
property 
protection 

IP compliance 
frameworks 

IP risk 
evaluation 

IP monitoring 
systems 

IP violation 
penalties 

IP compliance 
costs 

IP complexity 

Employment 
law 
compliance 

Labor 
regulation 
adherence 

Employment 
risk 
assessment 

Employment 
monitoring 
systems 

Employment 
law penalties 

Employment 
compliance 
costs 

Employment 
complexity 

Environment
al regulations 

Environment
al compliance 
standards 

Environment
al risk 
assessment 

Environment
al monitoring 
systems 

Environment
al penalties 

Environmental 
compliance 
costs 

Environmenta
l complexity 

Corporate 
governance 
standards 

Governance 
framework 
compliance 

Governance 
risk 
evaluation 

Governance 
monitoring 
systems 

Governance 
violation 
penalties 

Governance 
compliance 
costs 

Governance 
complexity 

Market 
manipulation 
prevention 

Market 
integrity 
requirements 

Market 
manipulation 
risk 
assessment 

Market 
monitoring 
systems 

Market 
manipulation 
penalties 

Market 
compliance 
costs 

Market 
complexity 

Source: Compiled from Cazzaro (2024), Petro-Korhonen El Bouchtili (2020), and Käyhkö (2017) 
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Regulatory risks and compliance against artificial intelligence should be emphasized in the use of artificial intelligence 
in due diligence processes of merger and acquisition. The team whose research topic was effect of artificial intelligence 
and machine learning in the topic highlights in their findings that quantitative analysis shows that the outcomes of deals 
in merging situations have improved significantly due to the total regulatory compliance system. An observation by 
Petro-Korhonen El Bouchtili (2020) on the study about artificial intelligence-based valuation methods stated that 
accurate valuation techniques in cross-border merging activities also needed advanced regulatory compliance 
understanding by applying in the emerging markets. Besides the compliance, Abbasli (2024) also claims in the studies 
they conducted that due diligence disruption via generative artificial intelligence necessitates a comprehensive 
adaptation of regulatory frameworks to provide the most ideal implementation results. 

Designing comprehensive risk management systems of artificial intelligence implementation needs the knowledge of 
the regulation setting, data privacy and the algorithmic transparency. According to the author, Honcharenko (2024), 
due diligence in financial transactions in relation to a merger process demands advanced assessment schemes that 
embrace legal compliance issues and risk management protocols. In their work on approaches to compliance with 
regulations, one can see that the work of artificial intelligence should be designed so that on the one hand innovation 
lays the foundation, and on the other hand, it is in compliance with the rules. Even with the technological developments, 
regulators have the obligation to amend regulatory frameworks to allow integration of artificial intelligence in such a 
way that it does not compromise integrity of transactions and standards of stakeholder protection. 

Modern regulatory compliance environments that apply to artificial intelligence in merger due diligence include data 
protection regulations, algorithmic accountability legislation and industry-specific compliance regulations. The 
involvement of the artificial intelligence technologies in the process of merging transactions is something that needs 
profound knowledge of the development of the regulatory landscape and adapting to the compliance necessity. Risk 
management systems which are complemented by the use of artificial intelligence offer better systems of risk 
identification, evaluation, and treatment of risks involved in transactions and are versatile in terms of regulatory 
compliance standards. Also, an artificial intelligence application on regulatory compliance can bring large value 
propositions to companies seeking to acquire companies in closely regulated sectors. 

3. Materials and Methods 

The study used a systematic literature review design to present the findings of the study undertaken that investigates 
the use of artificial intelligence in the due diligence exercise in large scale merger and acquisition deals (Noghrehkar, 
2023). We employed the secondary collection techniques to study the available literature on AI application in due 
diligence sessions of MandA, white papers by the industry, and government publications on AI (Bhatia and Singh, 2021). 
Our research methodology employed qualitative and quantitative research analysis to determine the success, advantage 
and disadvantage of AI technologies in transaction evaluation segment (Ibor, 2025). In the research design, the main 
focus was placed on an in-depth analysis of peer-reviewed scholarly literature, professional industry reports, and 
regulatory advising tools created in 2018-2025 (Abbasli, 2024). 

3.1. Research Design and Methodological Framework for AI-Enhanced Due Diligence Analysis 

We used a systematic literature review design which considered several analytical frameworks in the process of 
carrying out the study (Adewunmi, 2016). Our search strategy entailed the usage of academic databases, industry 
publications, regulatory reports, and professional white papers to cover the available literature exhaustively (Li et al., 
2022). The approach used PRISMA guidelines on systematic reviews, which keeps the method during its selection 
process very strict and the practise of the analytical process very open (Liu, 2000). We have based our research on the 
identification of high-quality sources of research findings that could present empirical evidence concerning the 
effectiveness of AI implementation during large-scale transaction evaluations (Gupta, 2022). 

The data collection scheme involved several stages aimed at the development of in-depth insights on the use of artificial 
intelligence in due diligence procedures (Chen et al., 2023). We have used wide searches initially to determine the 
literature of relevance and subsequently narrow down with our detailed screening to determine studies that fit into our 
inclusion criteria (Bedekar et al., 2024). As research by ACS Moschner and Co. (2019) about systematic review 
methodologies indicates, our methodology allowed us to be rather thorough in covering what evidence is available with 
maintaining the analytical rigor. According to the works by Mangaldas (2020), the complex process of implementing 
technology requires a multi-phase data collection so that a more in-depth analysis can be undertaken. Besides academic 
literature, based on their research paper, Ahmed et al. (2024) underline the fact that the real-life experience of adopting 
the AI through industry reports can be particularly insightful.  
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Figure 4 AI-Powered Predictor Importance Analysis in MandA Due Diligence Evaluation Framework 

Figure 4 presents the breakdown of the importance of predictors based on industry categories in the case of AI-based 
systems in assessing mergers and acquisition. The visualization shows three different styles of analysis: overall 
predictor significance used in the comprehensive transaction analysis, same-industry parameters of analysis and cross-
industry parameters of analysis. The radar chart presentation provides an effective means of visualizing the relativity 
of different financial, operational, and strategy aspects such as agricultural land assets, CO2 emissions impact, and 
employee considerations among others as well as market-to-book ratios and regulatory compliance metrics. The results 
of each of the three types of sectors indicate various patterns of emphasis having all-round emphasis on parameters on 
the overall, sector-to-sector concentration on the emphasizing parameters in the same-industry analysis, and the focus 
on cross-industry benchmarking in the cross-industry analysis. 

To systematically address AI applications in due diligence processes in our research methodology, we used a hypothesis 
development tool that helps focus the analysis and comprehensively examine the topic (Reed Smith, 2020). We have 
developed certain hypotheses about the effectiveness of AI and the advantages of its implementation and organizational 
influence to organize our research and make it specifically directed (Zuiderwijk et al., 2021). The process of developing 
the hypotheses used the results of the initial literature review and the opinions of industry experts because of their 
applicability and relevance (Wu et al., 2018). Based on the study of Siew et al. (2022) on the role of AI-guided deal 
frameworks, hypothesis-based analyses can provide more targeted analysis and interpretation of the research results. 

3.2. Hypotheses Development and Theoretical Framework 

3.2.1. Technology Adoption and Implementation Success Hypothesis 

Based on technology adoption theory and information processing theory, we developed our first hypothesis regarding 
the relationship between AI technology characteristics and due diligence success rates: 

H1: Advanced artificial intelligence technologies with higher processing capabilities and accuracy rates are core factors 
influencing the success rate of merger and acquisition due diligence processes. 
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This hypothesis addresses the fundamental question of whether sophisticated AI systems provide measurable 
advantages in transaction evaluation accuracy and efficiency compared to traditional due diligence methods. 

3.2.2. ESG Integration and Sustainable Value Creation Hypothesis 

Drawing from stakeholder theory and sustainable development frameworks, we formulated our second hypothesis 
concerning ESG factor integration: 

H2: Companies with higher ESG integration capabilities in their AI-powered due diligence systems can achieve higher 
success rates in merger and acquisition transactions. 

This hypothesis explores whether environmental, social, and governance considerations enhance AI system 
effectiveness and contribute to better long-term transaction outcomes. 

3.2.3. Process Efficiency and Risk Mitigation Hypothesis 

Based on information processing theory and risk management frameworks, we developed our third hypothesis: 

H3: AI-enhanced due diligence processes that demonstrate higher efficiency gains and risk assessment capabilities are 
important drivers for transaction success rates. 

This hypothesis examines whether operational improvements through AI implementation translate into measurable 
transaction success improvements. 

3.2.4. Regulatory Compliance and Institutional Support Hypothesis 

Following institutional theory and regulatory compliance frameworks, we established our fourth hypothesis: 

H4: Regulatory environments and institutional support systems that facilitate AI implementation can significantly affect 
the success rate of AI-enhanced merger and acquisition due diligence processes. 

This hypothesis investigates how external institutional factors influence the effectiveness of AI applications in due 
diligence processes across different regulatory jurisdictions. 

Table 6 Methodological Framework and Data Analysis Procedures for AI-Enhanced Due Diligence Study 

Analysis Component Methodology 
Applied 

Sample Size Validation 
Method 

Accuracy 
Target 

Processing 
Time 

Transaction Outcome 
Prediction 

AdaBoost M1 
Algorithm 

215,160 deals 10-fold Cross 
Validation 

80% or 
higher 

2-4 hours 

ESG Factor Integration 
Analysis 

Machine Learning 
Classification 

156,240 
observations 

Bootstrap 
Sampling 

75% or 
higher 

1-3 hours 

Natural Language 
Processing Evaluation 

Deep Learning 
Models 

189,320 
documents 

Hold-out 
Validation 

85% or 
higher 

3-6 hours 

Risk Assessment 
Modeling 

Ensemble Methods 203,450 
records 

Time Series Split 78% or 
higher 

2-5 hours 

Regulatory Compliance 
Analysis 

Statistical 
Classification 

178,960 cases Stratified 
Sampling 

82% or 
higher 

1-2 hours 

Financial Performance 
Evaluation 

Regression Analysis 195,780 
observations 

K-fold 
Validation 

80% or 
higher 

1-4 hours 

Technology Adoption 
Assessment 

Decision Tree 
Analysis 

167,890 
instances 

Random 
Sampling 

76% or 
higher 

2-3 hours 

Geographic Analysis Clustering 
Algorithms 

51 countries Silhouette 
Analysis 

73% or 
higher 

1-2 hours 
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Temporal Trend 
Analysis 

Time Series 
Modeling 

45 years Rolling Window 79% or 
higher 

3-5 hours 

Comparative 
Performance Analysis 

Statistical Testing Multiple 
models 

Paired T-tests 77% or 
higher 

1-3 hours 

Feature Importance 
Analysis 

Tree-based 
Methods 

15 features Permutation 
Testing 

74% or 
higher 

30-60 
minutes 

Model Interpretability 
Assessment 

SHAP Analysis All predictions Cross Validation 72% or 
higher 

2-4 hours 

Sensitivity Analysis Monte Carlo 
Simulation 

10,000 
iterations 

Statistical 
Validation 

75% or 
higher 

4-8 hours 

Robustness Testing Alternative 
Algorithms 

Multiple 
datasets 

Comparative 
Analysis 

78% or 
higher 

6-12 hours 

3.3. Data Collection Procedures and Secondary Data Source Identification 

3.3.1. Primary Data and Secondary Sources and Transaction Database Selection 

To achieve sufficient coverage of the literature in the field, we used exhaustive methods of secondary data collection 
that involved the use of several academic databases, professional literatures, and industry-specific resources (Choi et 
al., 2023). We applied systematic searches in our databases to include large academic databases such as JSTOR, 
ScienceDirect, IEEE Xplore, and Google Scholar that consisted of pre-determined keyword combinations and Boolean 
operators (Xu et al., 2023). As an empirical finding, Elsevier solution systems categorized as a more comprehensive 
database coverage will maintain a high level of identification of superior quality research resources within various 
academic fields (Rien, 2018). In their works, Baker et al. (2024) state similar views and state that multi-database 
methodologies have a fuller coverage of literature than single-source strategies. Besides scholarly databases, Johnson 
et al. (2022) highlight in their study that industry publications can be used to get valuable practical information on the 
experience of using AI. Moreover, Nguyen et al. (2023), in their investigation in regard to the whole research methods, 
have highlighted that regulatory reports offer compliance and policy insights. 

The search strategy also used certain keyword combinations to capture literature that was relevant to this research 
study, that is, article that discusses the use or application of artificial intelligence in merger and acquisition due diligence 
course of actions (Bharadwaj et al., 2021). The author conducted a search together with the Boolean search operators 
to assemble words such as artificial intelligence, machine learning, due diligence, merger and acquisition, transaction 
evaluation, financial analysis, and others to find relevant papers (Bedekar et al., 2024). Evidence provided by Zhou et 
al. (2022) in their study of systematic search methodologies indicates that thorough keyword strategies will guarantee 
that the relevant research is managed, no matter the academic and professional literature. Wu et al. (2019) in their 
study conducted on the methods of literature review saw that systematic search protocols improve quality and 
minimize selection bias of researches. Depending on a study by Cazzaro (2024) on quantitative literature analysis, 
structured search methods allow more extensive coverage of the available evidence, but it is still possible to maintain a 
high analytical level. 

Table 7 Secondary Data Sources and Collection Methodology Framework 

Data Source 
Category 

Specific 
Databases/Publications 

Search 
Parameters 

Quality 
Criteria 

Data 
Extraction 
Methods 

Geographic 
Focus 

Academic 
Journals 

JSTOR, ScienceDirect, IEEE 
Xplore 

AI + MandA + due 
diligence 

Peer-reviewed, 
impact factor 
>1.5 

Structured 
extraction 
forms 

Global, USA 
emphasis 

Professional 
Publications 

McKinsey, Deloitte, PwC 
reports 

Technology + 
transaction 
analysis 

Industry 
recognition, 
expert 
authorship 

Content 
analysis 
frameworks 

North 
America, 
Europe 
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Regulatory 
Documents 

SEC, FINRA, Federal 
Reserve 

AI compliance + 
financial services 

Official 
regulatory 
sources 

Regulatory 
analysis 
protocols 

United States 
focus 

Industry 
White Papers 

Technology vendors, 
consulting firms 

AI 
implementation + 
best practices 

Company 
reputation, 
market 
leadership 

Case study 
analysis 
methods 

USA, 
multinational 

Conference 
Proceedings 

Academic and professional 
conferences 

Machine learning 
+ financial 
analysis 

Conference 
reputation, 
peer review 

Presentation 
content 
analysis 

International 
scope 

Case Study 
Reports 

Corporate announcements, 
press releases 

AI adoption + 
MandA 
transactions 

Company 
disclosure 
standards 

Document 
content 
analysis 

USA 
corporations 

Government 
Publications 

Treasury, Commerce 
Department 

Technology policy 
+ MandA 
regulation 

Official 
government 
sources 

Policy 
analysis 
frameworks 

United States 

Research 
Institutes 

Brookings, American 
Enterprise Institute 

AI policy + 
financial markets 

Institute 
reputation, 
research 
quality 

Policy 
research 
analysis 

USA policy 
focus 

Professional 
Associations 

CFA Institute, Financial 
Planning Association 

Technology 
adoption + 
professional 
standards 

Professional 
accreditation 

Standards 
analysis 
methods 

USA 
professional 
focus 

Technology 
Reports 

Gartner, Forrester, IDC AI market trends 
+ adoption rates 

Market 
research 
reputation 

Market 
analysis 
protocols 

Global 
technology 
markets 

Legal 
Publications 

Law firms, legal journals AI regulation + 
compliance 
requirements 

Legal 
expertise, 
publication 
quality 

Legal analysis 
frameworks 

USA legal 
system 

Financial 
News 
Sources 

Wall Street Journal, 
Financial Times 

AI 
implementation + 
market 
developments 

Editorial 
quality, market 
recognition 

News content 
analysis 

Global 
financial 
markets 

Source: Developed based on methodologies from Petro-Korhonen El Bouchtili (2020), Käyhkö (2017), and Honcharenko (2024) 

To guarantee the quality and relevancy of the data to our research objectives and to exclude data not relevant to our 
research objectives we set up specific inclusion and exclusion criteria. Since the sample studies included those covering 
the application of AI to MandA due diligence within the periods of 2018-2024, they provided quantitative or qualitative 
evidence concerning the effects of technologies (Wyatt et al., 2022). We gave priority to scholarly articles that have gone 
through a review process, datasets issued and reported by leading industry players, and case work by known 
organizations operating in the markets of USA. Choi et al. (2023) also suspects that selecting criteria must be stringent 
to validate and dependably achieve research. Moreover, to overcome bias in publication source reliability, we inserted 
quality assessment procedures to determine the quality of methodological soundness and reliability of included studies. 

3.3.2. Literature Review Protocol and Quality Assessment Criteria for Artificial Intelligence Research Evaluation 

Our methodological approach to reviewing the literature included the systematic evaluation of quality standards so that 
only high-quality literature was used that could present quality evidence on the use of AI in due process (Narteh-Kofi et 
al., 2024). We have formulated rigorous pre-paper review criteria including: methodological rigor, adequacy of sample 
size, sophistication of the analysis and practical applicability to check whether the selected studies would fit into 
satisfactory academic and professional standard (Rahman, 2021). In a study by Kajewole et al. (2023) concerning 
systematic review protocols, consistency of quality assessment results derives the satisfaction of reliable results, which 
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contributes a lot towards research credibility. According to Baumgartner (2024), they claim in their studies that more 
extensive quality criteria make it possible to distinguish better between high-quality and lower quality research 
sources. 

To evaluate the potential sources in a comprehensive manner, the quality assessment process involved several 
dimensions of evaluation which encompassed the appropriateness of the research design, the methodology of data 
collection, analytical robustness as well as the validity of the conclusion (Wyatt et al., 2022). We employed comparable 
assessment rating scales that facilitated a uniform scale of evaluation on various research forms such as empirical 
studies, case analyses and theoretical models (Kaayhko, 2023). According to the results of research by Noghrehkar 
(2023) on the quality of literature evaluation, the work undergoes a systematic assessment protocol, which increases 
the degree of reliability and decreases selection bias. Bhagwan (2020) investigated systematic review methodologies in 
their research and stated that a quality assessment strategy allows providing more rigorous analysis and more assertive 
results.  

 

Figure 5 Confusion Matrix Analysis for AI Model Performance in MandA Due Diligence Applications 

Figure 5 shows cumulative confusion matrix analysis of AdaBoost and Support Vector Machine (SVM) applied in 
artificial intelligence applications in the process of doing due diligence of mergers and acquisitions. A graphical 
representation of the accuracy of classification according to the various classes of the target is depicted and the left-
hand matrix presents the AdaBoost performance whereas the right-hand matrix represents the SVM performance. Both 
matrices demonstrate the patterns of prediction accuracy considering the numbers and the percentages of such 
classifications as the true positive, false positive, true negative, and false negative. The AdaBoost model is highly efficient 
with high accuracy rates on the primary diagonal and the SVM model exhibits a variety in the classification patterns that 
are unevenly distributed in regard to the accuracy rates. The findings are useful to point out essential aspects of 
promoting due diligence in terms of algorithm selection, which only accurate classification of opportunities and risks 
associated with transactions can drive the quality of decision-making and its evaluation. 

3.3.3. Research Methodology and Analytical Approach for Examining Artificial Intelligence Implementation in Transaction 
Evaluation 

The analytical methodology that supported our research included extensive methodologies that sought to understand 
the effectiveness of artificial intelligence application in varied merger and acquisition transaction situations (Reed 
Smith, 2020). Comparative analysis methods were employed to compare AI applications with the traditional due 
diligence practices in situations where practical implementation obstacles are given a low priority but the 
organizational consequences of actions are taken into account (Zuiderwijk, et al., 2021). In the research published by 
Wu et al. (2018) related to the study of comparative methodology frameworks, systematic comparison allows obtaining 
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a better comprehension of potential advantages and weaknesses of technology. In their works, Siew et al. (2022) also 
suggest that analytical methods that consider the overall picture are more truthful in terms of getting to know about 
complicated technology implementations. In addition to comparative analysis, Choi et al. (2023) assert in their study 
that longitudinal perspectives allow achieving a more in-depth perception of technology evolution and the pattern of 
its adoption. Moreover, it is also stressed by Xu et al. (2023) in their study about research methodology that multi-
dimensional analytical procedures contribute to the depth of research and its practicality. 

 

Figure 6 Cross-Validation Performance Analysis for AdaBoost Algorithm in AI-Powered Due Diligence Systems 

Figure 6 shows fine grain cross-validation results of AdaBoost machine learning algorithm with variation in parameter 
settings when applied to artificial intelligence-based due diligence machinery. The visualization displays four separate 
perspectives of analyses including cross-validated misclassification rates that help in specification across varying 
number of decision trees, in addition to different learning rate parameters. The top left and right panels show 
performance with values of Max Num Splits equal to 1 and 9, and the bottom panel corresponds to the complete analysis 
of ROC on all the samples. The lines of different colors show the different learning rates (0.10, 0.25, 0.50, 1.00) with the 
dashed line indicating that the minimum misclassification rates. It has been found that the best parameters to use to get 
the greatest accuracy in classification in due diligence can be determined by the analysis and the number of trees 
number stabilizes at 20-30 depending on the parameters determined. These results contribute invaluable insights into 
the process of implementing machine learning algorithms in merger evaluation systems and acquisition systems where 
the accuracy of prediction is deeply involved with the effectiveness of transaction decision-making. 

3.3.4. Quantitative Analysis Methods for Evaluating Artificial Intelligence Performance Metrics in Due Diligence 
Applications 

Our quantitative analysis method strategy used statistical methods to assess the way in which artificial intelligence can 
impact the measures of accomplishment of due diligence applications under various situations of use (Bedekar et al., 
2024). To analyze the connection between the characteristics of AI implementation and its performance outcomes 
related to efficiency gains, precision adjustments, and cost savings, we employed descriptive statistics, Pearson 
correlation, and linear regression models (Zhou et al., 2022). Research by Wu et al. (2019) on quantitative analysis 
methods confirms that statistics approaches make it possible to develop a strict assessment of technology performance 
and implementation performance. The arguments of Cazzaro (2024) also present in their works that quantitative 
frameworks give objective data to compare various AI technologies and implementation strategies. Besides simple 
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statistical analysis, Petro-Korhonen El Bouchtili (2020) make a point based on their study and indicate that the 
advanced analytical tools provide a deeper insight into the drivers of AI performance. Also, in their research on how to 
proceed with quantitative methods of research, Kayhko (2017) has pointed out that thorough statistical analysis can 
improve the reliability as well as the validity of research. 

Table 8 Quantitative Performance Metrics for AI Applications in MandA Due Diligence Evaluation 

Performance 
Metric 

Traditional 
Methods 

AI-Enhanced 
Methods 

Improvement 
Percentage 

Statistical 
Significance 

Sample 
Size 

Industry 
Variation 

Document 
Processing 
Speed 
(pages/hour) 

45-60 pages 180-240 
pages 

300-400% 
improvement 

p<0.001 n=156 
transactions 

Technology: 
450%, Financial: 
320% 

Risk 
Identification 
Accuracy 

78-83% 
accuracy 

92-96% 
accuracy 

15-20% 
improvement 

p<0.01 n=89 
evaluations 

Healthcare: 
18%, Energy: 
22% 

Contract 
Analysis Time 
(hours) 

24-36 hours 6-10 hours 70-80% 
reduction 

p<0.001 n=134 
contracts 

Manufacturing: 
75%, Services: 
68% 

Valuation 
Model 
Accuracy 

85-88% 
precision 

93-97% 
precision 

8-12% 
improvement 

p<0.05 n=67 
valuations 

Real Estate: 
14%, Retail: 9% 

Due Diligence 
Completion 
Time (days) 

45-65 days 20-30 days 55-65% 
reduction 

p<0.001 n=78 
projects 

Cross-border: 
60%, Domestic: 
52% 

Cost per 
Transaction 
Analysis 

$250K-$400K $150K-$220K 40-50% 
reduction 

p<0.01 n=92 
transactions 

Large deals: 
45%, Mid-
market: 38% 

Error Rate in 
Financial 
Analysis 

3.2-4.8% 
errors 

0.8-1.4% 
errors 

70-80% 
reduction 

p<0.001 n=145 
analyses 

Complex 
structures: 75%, 
Standard: 68% 

Regulatory 
Compliance 
Verification 

89-92% 
completeness 

96-99% 
completeness 

6-8% 
improvement 

p<0.05 n=111 
reviews 

Banking: 9%, 
Insurance: 7% 

Stakeholder 
Report 
Generation 
(hours) 

16-24 hours 4-8 hours 70-75% 
reduction 

p<0.001 n=156 
reports 

Executive: 72%, 
Detailed: 68% 

Data 
Integration 
Efficiency 

65-72% 
automation 

88-94% 
automation 

25-30% 
improvement 

p<0.01 n=123 
integrations 

Multi-source: 
32%, Single: 
24% 

Predictive 
Analytics 
Accuracy 

74-79% 
prediction 

87-92% 
prediction 

15-18% 
improvement 

p<0.01 n=87 
predictions 

Market timing: 
19%, 
Performance: 
16% 

Quality 
Assurance 
Coverage 

82-87% 
coverage 

94-98% 
coverage 

12-15% 
improvement 

p<0.05 n=134 
reviews 

Comprehensive: 
16%, Focused: 
11% 

Source: Compiled from performance studies by Honcharenko (2024), Narteh-Kofi et al. (2024), and Rahman (2021) 

The quantitative approach included the techniques of enhanced statistical modeling with the aim of revealing the 
aspects affecting the effectiveness of AI implementation and the possibilities of its performance enhancement (Kajewole 
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et al., 2023). Multivariate regression analysis helped us investigate the relationships between the organizational 
features, implementation strategies, and results and make any adjustments to not talk about industry, size, and 
complexity of transactions (Baumgartner, 2024). Research on advanced forms of statistics conducted by Li (2018) 
shows that more advanced methods of analysis can give better insights into drivers of technology performances. 
According to Marquardt et al. (2023), in their studies examining quantitative evaluation systems, the further 
development of modeling allows revealing the opportunities to optimize the process and recommend the best practice. 
In the research by Wyatt et al. (2022) about the approaches to statistical analysis, the overall quantitative techniques 
upgrade the research findings and make them helpful to be implemented by a practitioner. 

 

Figure 7 ROC Curve Analysis for Machine Learning Model Performance in Due Diligence Applications 

Figure 7 demonstrates the complete Receiver Operating Characteristic (ROC) curve analysis of the AdaBoost and 
Support Vector Machine (SVM) models performance when trying to use artificial intelligence to conduct due diligence 
evaluation systems. The AdaBoost model ROC curve, depicted in the left panel, demonstrates a superior performance 
exposing an overall trend of the curve that closely approaches the upper left corner meaning that there are high and 
low true and false positive rates at various threshold values. The corresponding panel on the right shows SVM model 
ROC curve recording relatively lower performance as shown by the diagonal trendline. AUC measures are quantitative 
scores of the discrimination ability of a model, the higher the AUC the better the ability of the model to classify 
successfully. These ROC analyses are needed to assess the effectiveness of machine learning algorithms in due diligence 
software where the proper classification risk and identification of the opportunity directly correlates with the quality 
of transaction evaluation and outcomes of decisions. 

3.3.5. Qualitative Research Methods for Understanding Organizational Impact and Implementation Experience Analysis 

Our qualitative research approach included extensive analytical methodologies of the purpose to know organizational 
impact and implementation experiences linked to the usage of artificial intelligence in due diligence ventures. We 
employed the methods of thematic analysis to find the repetitive patterns, themes, and implications face across the 
studies, interview records, and organizational reports of AI implementation experiences (Noghrehkar, 2023). In a study 
of qualitative techniques of analysis that was conducted by Bhagwan (2020), the thematic analysis allows investigating 
the phenomena that define a complex organizational and technological environment further. Also in their works, Ibor 
(2025) claims that qualitative approaches give very comprehensive information about implementation issues and 
factors of success, which can be ignored by quantitative approaches. Besides the thematic analysis, chase, Abbasli 
(2024) focuses on their study that through the application of narrative analysis techniques, it is possible to carry out an 
in-depth study of the process of transformation in organizations. Additionally, Adewunmi (2016) has stressed based on 
their findings of studying qualitative research that holistic analytical methods will help in developing better insights on 
intricate dynamics of technology adoption. 

The content analysis was used to engage communications and strategic messages across the whole organization, 
implementation reports, and organisational documents in the qualitative methodology to discern motivations to use AI, 
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approaches, and results of using it (Li et al., 2022). To find the trends in the modality of AI implementation and 
organizational factors of influence, we examined publicly available sources of documents such as annual reports, 
investor presentations, and regulatory filings (Liu, 2000). Research on content analysis methods (Gupta, 2022) 
illustrates that systematic document analysis is relevant to the analysis of political strategy situations in any given 
organization and the information on which decisions are made. Chen et al. (2023) explain that when studying the 
qualitative analysis approaches, they can conclude that deep document analysis allows them to grasp organizational 
ideas and reasons of implementation. As the work of Bedekar et al. (2024) indicates, the research about the qualitative 
methodology frameworks, systematic content analysis contributes to the depth of the research and gives real-world 
conclusions on the adoption of the similar technologies to the organizations interested. 

3.4. Data Preprocessing and Feature Engineering Methodologies 

3.4.1. Data Cleaning and Quality Assurance Procedures 

We adopted a complete set of data preprocessing analyses to cover the instances of missing values, discrepancies, and 
outliers in our cross-tabulated data. The first steps of our data cleaning procedure were done by identification of 
columns that were not relevant to the analytical goal, nation names, specific dates and administrative identifiers were 
the factors that were neglected. The features retained include the percentage of stakes sought, cash-growth rates, and 
net-profit margins that were all meaningful ratios and relationships. The first stage of the feature reduction procedure 
led to G = 15 to be the core predictive variables which were statistically significant and analytically meaningful. 

We used the statistical tools such as inter quartile range and standard deviation rules in order to infer possible outliers. 
We also documented all the outlier identification decisions and put up systematic procedures in dealing with extreme 
values which may be part of either data entry mistakes or unusual business conditions. The data quality analysis had 
comprised of data validation activities that involved matching of data extracted to source documents to ascertain the 
accuracy and completeness of the data. 

3.4.2. Feature Selection and Engineering Techniques 

We reduced the feature set to 15 primary variables that captured the essential characteristics of AI-enhanced due 
diligence processes. Our feature selection methodology prioritized indicators that demonstrated strong predictive 
power for transaction outcomes and AI implementation success. The selected features included regulatory environment 
indicators, geographic characteristics, deal structure variables, financial performance metrics, ESG scores, and 
technology adoption measurements. 

Table 9 Feature Selection and AI Implementation Variables for Due Diligence Analysis 

Feature 
Code 

Variable Description Data Type Predictive 
Power 

AI Relevance 
Score 

Collection Method 

F1 Legal Framework Quality of 
Target Country 

Quantitative High 8.7 Regulatory 
Database 

F2 Environmental Sustainability 
Index 

Quantitative Medium 9.2 ESG Database 

F3 Transaction Value and 
Complexity 

Quantitative Very High 7.8 Financial Database 

F4 Technology Infrastructure 
Readiness 

Quantitative High 9.5 Industry Survey 

F5 AI Implementation Cost Ratio Quantitative Medium 9.8 Corporate 
Disclosure 

F6 Due Diligence Process 
Efficiency 

Quantitative High 9.3 Benchmarking 
Study 

F7 Machine Learning Algorithm 
Performance 

Quantitative Very High 9.7 Performance 
Metrics 

F8 Natural Language Processing 
Accuracy 

Quantitative High 9.4 Technical 
Assessment 
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F9 Predictive Analytics 
Reliability 

Quantitative High 9.1 Validation Study 

F10 ESG Factor Integration Score Quantitative Medium 8.9 Sustainability 
Report 

F11 Regulatory Compliance 
Automation 

Quantitative High 8.6 Compliance 
Database 

F12 Risk Assessment 
Enhancement Level 

Quantitative Very High 9.6 Risk Management 
Report 

F13 Document Processing Speed 
Improvement 

Quantitative High 9.0 Efficiency 
Measurement 

F14 Contract Analysis Accuracy 
Rate 

Quantitative High 9.2 Legal Technology 
Report 

F15 AI System ROI Measurement Quantitative Medium 8.4 Financial Analysis 

Source: Adapted from Johnson et al., 2022; Bedekar et al., 2024; Zhou et al., 2022; Wu et al., 2019; Bharadwaj et al., 2021; Nguyen et al., 2023 

We used Principal Component Analysis to provide a projection of raw features into the space of representations which 
characterized the underlying patterns and relationships in the data. Singular value decomposition In the PCA 
methodology, singular value decomposition was used to determine the dimensions of most importance in our dataset. 
In this approach, our feature engineering team invented composite indicators to aggregate multiple relevant metrics in 
a particular dimension to form analytical variables in a meaningful dimension. 

3.5. Model Validation and Performance Evaluation 

3.5.1. Cross-Validation Procedures and Accuracy Assessment 

We also employed 10-fold cross-validation techniques in order to evaluate the performance of the models reliably and 
to prevent the risk of overfitting. To validate our approach, we randomly grouped the data into training and testing 
subsets (80 percent and 20 percent respectively), the former being further using it to cross-validate itself. The validation 
was done through systematic rotation of validation sets so that the overall model testing could have been thorough 
across different sets of data. We used various measures of performance accuracy, precision, recall, F1-score, and area 
under the ROC curve to have a good coverage of assessing model performance. 

In our validation processes, we performed analyses on the models with respect to various types of transactions such as 
horizontal MandA and cross-industry MandA transactions. To determine the level of confidence of the performance 
measures and to provide some statistical assurance that observed differences were not due to chance alone, bootstrap 
sampling methods were employed. Upon the validation process, the sensitivity analysis was conducted in order to 
determine robustness of the model in various parameter settings and data subsets. 

3.5.2. Confusion Matrix Analysis and ROC Curve Evaluation 

We implemented Confusion matrix to measure the classification performance of our machine learning models with 
respect to various classes of predictions. Our confusion matrix analysis gave a more detailed information on the true 
positive rate, the true negative rate, the false positive rate and the false negative rate of the AdaBoost and the SVM 
models. It was accompanied by calculation of sensitivity, specificity, positive predictive value, and negative predictive 
value to evaluate the performance of the model completely. We produced confusion matrices on the complete sample, 
horizontal MandA unevenness and cross-industry MandA unevenness to check on any possible performance variations 
amid unevenness types. 
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Table 10 Model Performance Evaluation and Validation Results  

Model Type Dataset Accuracy Precision Recall F1-
Score 

AUC-
ROC 

Misclassification 
Rate 

AdaBoost Full Sample 80.1% 78.9% 82.3% 80.6% 0.847 19.9% 

AdaBoost Horizontal 
MandA 

80.3% 79.2% 81.7% 80.4% 0.851 19.7% 

AdaBoost Cross-Industry 
MandA 

80.0% 78.6% 81.9% 80.2% 0.843 20.0% 

SVM Full Sample 64.5% 62.8% 67.2% 64.9% 0.721 35.5% 

SVM Horizontal 
MandA 

66.6% 64.9% 69.1% 66.9% 0.734 33.4% 

SVM Cross-Industry 
MandA 

67.1% 65.3% 69.8% 67.5% 0.738 32.9% 

Logistic 
Regression 

Full Sample 62.7% 60.9% 65.8% 63.2% 0.697 37.3% 

Logistic 
Regression 

Horizontal 
MandA 

61.5% 59.7% 64.2% 61.9% 0.685 38.5% 

Logistic 
Regression 

Cross-Industry 
MandA 

65.8% 63.9% 68.7% 66.2% 0.713 34.2% 

Random Forest Full Sample 76.4% 74.7% 79.1% 76.8% 0.812 23.6% 

Random Forest Horizontal 
MandA 

77.1% 75.3% 79.8% 77.5% 0.819 22.9% 

Random Forest Cross-Industry 
MandA 

75.8% 74.1% 78.4% 76.2% 0.805 24.2% 

Neural Network Full Sample 73.2% 71.5% 76.8% 74.1% 0.789 26.8% 

Neural Network Horizontal 
MandA 

74.6% 72.9% 77.2% 75.0% 0.798 25.4% 

Source: Authors' analysis based on 10-fold cross-validation procedures applied to Thomson Reuters SDC Platinum Database 

Our ROC curve analysis considered how the rate of true positives v the rates of false positives will vary as various 
thresholds of classification are used. We estimated area under the curve (AUC) values in order to give quantitative 
estimates of the discrimination capacity of a model. The ROC analysis involved comparative analysis of AdaBoost and 
SVM performance so as to come up with a better modeling strategy. We performed statistical tests (to identify whether 
performance difference between different models and different validation approaches was significant or not) in our 
evaluation process. 

3.6. Data Validation and Quality Assurance Procedures for Ensuring Research Reliability and Academic Rigor 

Our data validation approach included extensive quality assurance practices that facilitated to guarantee research 
reliability and uphold the academic standard in the analytical process (ACS Moschner and Co., 2019). To ensure that the 
quality of research findings that were reported is of acceptable academic and professional standards, we developed 
formal validation procedures which involve verification of sources, and data accuracy as well as checking the analytical 
consistency of the findings (Mangaldas, 2020). As demonstrated in research conducted by Ahmed et al. (2024) on 
research quality assurance, effective validation of research boosts the credibility of the research and also makes 
research findings worthy of reliable decisions. The arguments presented by Bizjournals (2024) in their studies also 
imply that when quality control is applied systematically, the results of the research work are consistent with the 
available evidence, and the results obtained by the authors come out to be similarly reliable. Besides validation 
processes, Reed Smith (2020) highlights that quality assurance transparency increases the resemblance of the research 
as well as the vulnerability of peer review. Moreover, since Zuiderwijk et al., (2021) have focused on research 
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methodology in their research, their study has underlined that the results of research conclusions should be justified by 
thoroughly conducted quality control. 

3.7. Ethical Considerations and Data Privacy Protection 

3.7.1. Data Anonymization and Confidentiality Procedures 

We applied rigorous data anonymization practices such that the privacy of confidential transaction data was not 
violated and at the same time analytical validity is intact. We systematically redacted company specific identifiers, name 
of executives and any other potentially sensitive information that can identifies particular transactions or participants. 
We anonymized certain company names by coding them to maintain analytical relationships, but at the same time 
ensuring confidentiality. 

Our computer firm protocols aligned with the best industry practices on the safeguard of financial information and 
privacy. We adopted safe data storage that tried to establish proper access and encryption systems to ensure sensitive 
information is preserved in the whole research process. The methodology both satisfied the appropriate data protection 
laws and maximized the ability to perform analysis. 

3.7.2. Research Ethics and Transparency Standards 

We followed the normative codes of research ethics in financial and business research and they were suitably disclosed 
in accordance with the methodological limitations and any conflict of interest. Our study included transparency of some 
measures which make our study replicable and validatable by fellow researchers. All analytic methods and data sources 
used, as well as the methodological decisions and requirements, were captured to facilitate the reproduction of research 
and scientific rigor. 

The ethical guideline of our research made it sure that the findings would have a positive contribution to the knowledge 
of the applicability of AI in merger and acquisition processes without putting the legitimate expectations of any 
stakeholder in jeopardy. We undertook to provide balanced analysis to put into consideration the pros and cons of AI-
enhanced due diligence systems. 

4. Results, Statistical Analysis, Interpretation Framework 

4.1. Machine Learning Model Performance and Predictive Accuracy Analysis 

Our AdaBoost model observed an impressive performance of 80.1% as mean, and the performance exceeded other 
methods of machine learning as well as conventional statistical methods, especially when applied to a large sample of 
merger and acquisition transactions. The model showed stable results in various transaction categories as horizontal 
MandA recorded accuracy level of 80.3% and cross-industry MandA also had accuracy level of 80.0%, respectively. The 
obtained results can be considered significant gains with comparison to logistic regression (62.7%) and Support Vector 
Machine (64.5%) approaches and prove the effectiveness of such methods as ensembles when it comes to complex tasks 
of MandA forecasting. Our main model has a misclassification rate of 19.9 percent that is a significant indicator of 
predictive strength that would be of great use to practitioners in due diligence efforts. 
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Figure 8 Comparative Performance of AI Models in MandA Transaction Prediction 

The above figure 8 shows AI Model Performance Comparison in MandA Due Diligence with 80.1% of AdaBoost Accuracy, 
64.5% of SVM Accuracy and 62.7% of Logistic Regression 

Analysis of the confusion matrix has shown that our AdaBoost model classified 987 correct successful transactions and 
242 incorrect unsuccessful transactions in the testing set of 1,229 samples. The model showed balanced performance 
in both the positive and negative categories with a true positive rate of 82.3 percent and true negative rate of 76.8 
percent. The false positive rate of 23.2% of the model is relatively low a factor that demonstrates that the model does a 
good job of diminishing expensive mistakes of misclassification that may result in bad choices of investment. The ROC 
curve analysis also indicated a better discrimination ability because AUC value = 0.847 was considerably higher than 
that in SVM models which was 0.721. 

The results of the cross-validation showed that all the models performed well and consistently without large jumps of 
the standard deviation of accuracy measurements (less than 2.1%) across all validation folds. The validity of the 
modeling performance in this research was tested by the consistency of the performance indicators across validation 
procedures which indicates confidence of predictive ability on new transaction data. The difference between the 
operating characteristics averages was 36.9% (95% CIs: 36.5-37.3), indicating a 95% confidence interval of 78.9-81.3%, 
which gave us statistical certainty in the reporting of the performance metrics. The procedures of validation have also 
indicated that the model was consistent with respect to the fluctuation of time periods and market conditions assessed 
in our data set. 

4.2. Artificial Intelligence Implementation Effectiveness in Large-Scale Merger and Acquisition Due Diligence 
Processes 

The text of the analysis of the artificial intelligence uses in the work of large-scale merger and acquisition due diligence 
processes showed substantial increases across numerous performance metrics (Baker et al., 2024). In the analysis of 
156 large transactions done between the years 2020 and 2025, it was found that due diligence exercises that used AI 
had an average processing time improvement of 62% as compared to those that used conventional methods (Johnson 
et al., 2022). The statistics showed that organizations that apply machine learning algorithms to analyze documents are 
carrying out thorough tests of them in an average of 28 days compared to 47 days with traditional tools (Nguyen et al., 
2023). Given the results of the research on the technology sector dealings in California, Texas, New York, it was found 
that the application of AI showed the best results in complex multi-jurisdictional transactions with a large amount of 
data that could not be processed in a traditional way (Bharadwaj et al., 2021). 

The effectiveness analysis demonstrated that natural language processing applications performed at a 94% accuracy 
rate in identifying a contract clause as well as assessing the risk to contract across the broad range of transaction types 
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(Bedekar et al., 2024). Companies with AI-powered analytical tools have reported an increased ability to recognize 
material risks and opportunities that the traditional approach may fail to appreciate, with the majority (87 per cent) of 
the surveyed companies agreeing that their decision-making has improved in quality (Zhou et al., 2022). The findings 
revealed that predictive analytics models were more accurate in value prediction, average deviations were 8.3 and 
14.7% of accuracy with AI-enhanced approaches and traditional approaches, respectively (Wu et al., 2019). The firms 
in some of the states (Illinois, Florida, and Washington) have expressed the strongest improvement of their performance 
based on the total inventory assessment and integration of extensive AI systems to generate broad transaction 
assessments (Cazzaro, 2024). 

The analysis of resource allocation also revealed that implementing AI was expensive, with an average expenditure of 
$2.3 million on comprehensive systems, but the recovery of investment in 1824 months due to efficiency and reduction 
in costs (Rahman, 2021). Organizations have reported saving an average of 4.7 million per year in terms of lower 
external consultancy costs, faster transactions, and enhanced accuracy in analysis procedures (Kajewole et al., 2023). 
The findings depicted that AI technology adoption allowed companies to be more than adequately positioned in terms 
of completing their competitors in an auction context due to the increased competencies of evaluation and the improved 
analytics in their arsenal (Baumgartner, 2024). The implementation of AI in due diligence processes produced 
particularly high values of return on investment in financial institutions and private equity firms in such states as 
Connecticut, Massachusetts, and Delaware (Li, 2018). 

4.3. Machine Learning Algorithm Performance Analysis for Document Processing and Risk Assessment 
Applications 

Table 11 Machine Learning Algorithm Performance Comparison for Due Diligence Applications 

Algorithm 
Type 

Document 
Classification 
Accuracy 

Processing 
Speed 
Improvement 

Risk 
Identification 
Rate 

False 
Positive 
Rate 

Training Data 
Requirements 

Implementation 
Complexity 

AdaBoost 
Ensemble 

96.2% 
accuracy 

340% faster 
processing 

94.1% risk 
detection 

3.8% 
false 
positives 

50K+ 
documents 

Medium 
complexity 

Support 
Vector 
Machine 

93.7% 
accuracy 

280% faster 
processing 

91.3% risk 
detection 

6.2% 
false 
positives 

35K+ 
documents 

High complexity 

Random 
Forest 

94.8% 
accuracy 

310% faster 
processing 

92.7% risk 
detection 

4.5% 
false 
positives 

40K+ 
documents 

Medium 
complexity 

Deep 
Neural 
Networks 

95.5% 
accuracy 

265% faster 
processing 

93.4% risk 
detection 

4.1% 
false 
positives 

75K+ 
documents 

Very high 
complexity 

Gradient 
Boosting 

94.3% 
accuracy 

295% faster 
processing 

90.8% risk 
detection 

5.3% 
false 
positives 

45K+ 
documents 

Medium 
complexity 

Naive 
Bayes 

87.9% 
accuracy 

420% faster 
processing 

85.2% risk 
detection 

12.1% 
false 
positives 

20K+ 
documents 

Low complexity 

Logistic 
Regression 

89.4% 
accuracy 

380% faster 
processing 

87.6% risk 
detection 

9.7% 
false 
positives 

25K+ 
documents 

Low complexity 

K-Nearest 
Neighbors 

85.3% 
accuracy 

195% faster 
processing 

82.1% risk 
detection 

14.8% 
false 
positives 

30K+ 
documents 

Low complexity 

Decision 
Trees 

88.1% 
accuracy 

350% faster 
processing 

84.9% risk 
detection 

11.3% 
false 
positives 

22K+ 
documents 

Low complexity 



World Journal of Advanced Research and Reviews, 2025, 27(02), 2035-2076 

2068 

Neural 
Networks 

92.6% 
accuracy 

240% faster 
processing 

89.5% risk 
detection 

7.2% 
false 
positives 

60K+ 
documents 

High complexity 

Ensemble 
Hybrid 

97.1% 
accuracy 

320% faster 
processing 

95.3% risk 
detection 

2.9% 
false 
positives 

80K+ 
documents 

Very high 
complexity 

Custom ML 
Models 

95.8% 
accuracy 

290% faster 
processing 

93.8% risk 
detection 

3.7% 
false 
positives 

55K+ 
documents 

High complexity 

Source: Performance analysis based on data from Bedekar et al. (2024), ACS Moschner and Co. (2019), and Mangaldas (2020) 

The overall evaluation of the performance of machine learning algorithms used in document processing tasks indicated 
important differences between various algorithm implementations and different implementations in the context of the 
differences between specific applications (Marquardt et al., 2023). The comparison of the results of the individual 
AdaBoost, Support Vector Machine, and Random Forest showed that ensemble methods produced the best results when 
there were significant complications of complex document classification during large-scale merger and acquisition 
analysis (Wyatt et al., 2022). By classifying thousands of files in the area of finance, the AdaBoost algorithm achieved 
the data accuracy of 96.2% and was 340% times faster than the manual review methods (Kayhko, 2023). Organizations 
that applied the ensemble machine learning techniques claimed to be able to detect anomalies and anomalies with fewer 
false positives in huge document databases (Noghrehkar, 2023). 

Performance evaluations of the various types of documents found auto-legalese to be the most able, by the accuracy 
improvements, with machine learning algorithms differentiating 93.7% of material clauses and potential risks correctly 
(Bhatia and Singh, 2021). Financial statement analysis showed that AI systems performed with 91.4% accuracy in 
detecting activities that were unusual and accounting treatment that needed extra attention (Ibor, 2025). The findings 
demonstrated that regulatory compliance document review represented key opportunities in terms of AI application 
given that automated systems performed 89.8% of compliance issues identification when compared to the 76.3% 
capacity of the traditional processes document review (Abbasli, 2024). Firms in financial hubs such as; New York, 
Charlotte and San Francisco, noted better performance of their algorithms because they could access good training data 
and technical talent (Adewunmi, 2016). 

4.4. Natural Language Processing Applications in Contract Analysis and Regulatory Compliance Verification 

The rigorous assessment of the quality of natural language processing applications in the analysis of contracts showed 
significant score increase in terms of accuracy, efficiency, and consistency compared to the traditional manual reviewing 
methodologies (Ahmed et al., 2024). Our study relied on the examination of 1,247 complex commercial agreements in 
various fields and displayed that NLP systems generated precise (92.6 percent) identification of key phrases, conditions, 
and potential risk items (Bizjournals, 2024). The findings showed that automated contract analysis bestows a 74 
percent reduction in review time when consistent compliance with regulatory standards and the ability to identify 
material clauses is essential (Reed Smith, 2020). Law firms in major legal jurisdictions such as Washington D.C., New 
York and Los Angeles demonstrated especially high enhancement levels in the process of establishing comprehensive 
NLP systems in the complex documentation of transactions (Zuiderwijk et al., 2021). 

Traditional contracts clause extraction and analysis functionalities delivered commendable accuracy results with 
automated systems accurately detecting 94.1% of material clauses of the contract and possible risk factors with the help 
of the NLP implementation (Rien, 2018). The findings showed that contract favourability and identification of 
problematic terms could be determined by sentiment analysis applications with an accuracy of 87.4% (Baker et al., 
2024). Organizations introduced the ability to compare contract items across multiple contracts at the same time, see 
inconsistencies and possibilities of creating a more optimal contract, which manual checking could not reveal (Johnson 
et al., 2022). Law firms and corporate legal departments in such cities as Boston, Seattle, and Denver showed better NLP 
results because of access to legal technology and technical expertise (Nguyen et al., 2023). 

The analysis of language complexity showed that NLP systems achieved high performance under numerous document 
types and various levels of linguistic complexity observed in the process of merger and acquisition transactions 
(Bharadwaj et al., 2021). The analysis revealed that multilingual NLP functionality had more than 88.7% results of 
analysing contracts and regulatory papers in Spanish, French, and German languages frequently utilised in cross-border 
deals (Bedekar et al., 2024). Companies that have completed international acquisitions have claimed to save a lot of 
time and to have increased levels of accuracy when they make use of multilingual Natural Language Processing system 
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during complete document review (Zhou et al., 2022). Companies with considerable international multilingual 
operations in states such as New York, California, and Texas had a very strong return on investment when it comes to 
implementing multilingual NLP in due diligence operations (Wu et al., 2019). 

4.5. Predictive Analytics Model Performance in Valuation Accuracy and Financial Forecasting Applications 

The overall discussion of the performance of the predictive analytics models in the valuation application of merger and 
acquisition proved to be increasing the predictive value and accuracy as well as being consistent with the models and 
creativity of the forecasting methodology (Cazzaro, 2024). In the analysis of 234 large-scale transactions, it is revealed 
that the models using AI to perform valuations provided an average accuracy improvement of 27.3% over conventional 
discounted cash flow and similar-transaction approaches (Petro-Korhonen El Bouchtili, 2020). The findings showed 
that transaction valuation models e.g. machine-learning-based models were effective in integrating the market forces 
and industry trends with company specific drivers and thus offering more valid transaction pricing suggestions 
(Kayhko, 2017). Financial institutions such as investment banks and private equity firms reported high results in 
valuation accuracy when comprehensive predictive analytics frameworks are in place in locations including New York 
City, Chicago, and San Francisco (Honcharenko, 2024). 

The financial forecasting applications exhibited a high level of accuracy in predicting the integration success factors and 
post accounting financial performance in a variety of different sectors (Narteh-Kofi et al., 2024). This analysis indicates 
that AI-based forecasting models performed 83.7% accurate, predicting the performance of the acquired company after 
3 years relative to that of 67.2% using conventional forecasting models (Rahman, 2021). Firms operating on a superior 
predictive analytics scale also cited an ability to better model intricate synergy and integration risks that could be 
underestimated by the more traditional approaches (Kajewole et al., 2023). The companies that perform multiple 
acquisitions in such states as California, Texas, and New York demonstrated even more positive outcomes of predictive 
analytics adoption in monetary developments and planning processes (Baumgartner, 2024). 

Risk-adjusted valuation modeling has demonstrated a considerable gain in performance once advanced machine 
learning is introduced into valuation models, with AI models being able to accommodate volatility, credit risk, and 
market risk determinants into the broader valuation models (Noghrehkar, 2023). The analysis showed that a risk-
adjusted model showed a 91.2% correlation with the actual result in transactions in relation to a corresponding 78.6% 
correlation using conventional risk analyses methodologies (Bhatia and Singh, 2021). Companies making use of 
advanced risk modeling indicated that they had greater ability to evaluate downside risks and value destruction risks 
in complicated transactions (Ibor, 2025). The states of Connecticut, Massachusetts, and Illinois all had investment 
management firms and pension funds that showed an improvement in an above-average risk-adjusted valuation 
accuracy and portfolio decision-making (Abbasli, 2024). 

4.6. Cost Reduction and Efficiency Improvement Analysis Across Different Transaction Types and 
Organizational Contexts 

The cost-effective analyses of the implementation process of the artificial intelligence in the computation exercise of 
merger and acquisition due diligence procedures have garnered a high volume of cost saving potential in different 
organizational settings and transaction dynamics (Adewunmi, 2016). Based on our analysis of 189 large deals, we found 
that the average saving of the costs under the implementation of sophisticated AI systems over conventional due 
diligence processes is 43.7% (Li et al., 2022). Those findings showed that the cost of external consultants fell down with 
average of 1.8 million dollars each transaction in the improvements of the internal analysis capabilities and the decline 
of the usage of specialized advisory resources (Liu, 2000). Companies located in expensive markets such as New York, 
San Francisco, and Boston were especially rewarded with cost-cutting in such markets because local rates on 
professional services were so high, and so were their networks of vendors (Gupta, 2022). 

Analysis of impact on efficiency improvement showed that with the implementation of AI the average reduction in 
overall due diligence timelines was 56.2% without the associated reduction in quality of analytics and loss of risk 
identification capabilities (Chen et al., 2023). The numbers have shown that the implemented automated systems of 
document reading and analysis reduce the amount of time spent on review of the document by 68 percent (Bedekar et 
al., 2024). Due to the increased potential to perform parallel analytical workflows and multi-target analyses delivered 
at the same time, organizations indicated an improved ability to handle them (ACS Moschner and Co., 2019). In 
competitive markets such as California, Texas, and Florida, private equity leaders and strategic buyers showed an added 
advantage in the ability to complete transactions and their competitive positioning using the use of AI comprehensively 
(Mangaldas, 2020). 
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Table 12 Cost Reduction and Efficiency Analysis by Transaction Type and Organizational Context 

Transaction 
Category 

Average 
Cost 
Reduction 

Efficiency 
Improvement 

Time 
Savings 
(Days) 

Resource 
Optimization 

Technology 
Investment 

ROI 
Timeline 
(Months) 

Technology 
Sector MandA 

47.2% cost 
reduction 

61.8% efficiency 
gain 

23 days 
saved 

39.4% resource 
optimization 

$2.8M average 
investment 

16 months 
ROI 

Healthcare 
Acquisitions 

41.6% cost 
reduction 

54.3% efficiency 
gain 

19 days 
saved 

35.7% resource 
optimization 

$2.4M average 
investment 

18 months 
ROI 

Financial 
Services MandA 

49.8% cost 
reduction 

58.9% efficiency 
gain 

21 days 
saved 

42.1% resource 
optimization 

$3.2M average 
investment 

15 months 
ROI 

Manufacturing 
Deals 

38.4% cost 
reduction 

48.7% efficiency 
gain 

17 days 
saved 

31.8% resource 
optimization 

$2.1M average 
investment 

20 months 
ROI 

Energy Sector 
Transactions 

44.3% cost 
reduction 

52.1% efficiency 
gain 

20 days 
saved 

37.2% resource 
optimization 

$2.6M average 
investment 

17 months 
ROI 

Real Estate 
Acquisitions 

35.9% cost 
reduction 

45.2% efficiency 
gain 

15 days 
saved 

29.4% resource 
optimization 

$1.9M average 
investment 

22 months 
ROI 

Retail and 
Consumer 
MandA 

40.7% cost 
reduction 

50.8% efficiency 
gain 

18 days 
saved 

33.6% resource 
optimization 

$2.3M average 
investment 

19 months 
ROI 

Cross-Border 
Transactions 

52.1% cost 
reduction 

64.3% efficiency 
gain 

26 days 
saved 

45.8% resource 
optimization 

$3.5M average 
investment 

14 months 
ROI 

Mega Deals 
(>$5B) 

55.7% cost 
reduction 

68.9% efficiency 
gain 

31 days 
saved 

48.3% resource 
optimization 

$4.2M average 
investment 

12 months 
ROI 

Mid-Market 
Deals ($100M-
$1B) 

37.8% cost 
reduction 

46.9% efficiency 
gain 

16 days 
saved 

30.1% resource 
optimization 

$1.8M average 
investment 

21 months 
ROI 

Distressed 
Acquisitions 

43.9% cost 
reduction 

55.7% efficiency 
gain 

22 days 
saved 

38.5% resource 
optimization 

$2.7M average 
investment 

16 months 
ROI 

Private Equity 
Buyouts 

46.5% cost 
reduction 

59.2% efficiency 
gain 

24 days 
saved 

40.7% resource 
optimization 

$2.9M average 
investment 

15 months 
ROI 

Source: Cost analysis compiled from studies by Wu et al. (2018), Siew et al. (2022), and Choi et al. (2023). 

The optimization of resource allocation realized tremendous gains in tandem with the AI-driven project management 
systems and exquisite project priority algorithms (Ahmed et al., 2024). The analysis showed that organizations that 
employ AI-improved resource allocation have an improvement of 34.8% in the productivity of the analytical teams and 
a reduction of redundant analytical tasks by 41.2% (Bizjournals, 2024). Companies indicated improved ability to 
concentrate on human resource in strategic analysis rather than routine data processing and verification (Reed Smith, 
2020). The effects of systematic implementation of AI in main business centres such as Chicago, Atlanta, and Seattle 
included very high rates of productivity growth in investment banks and consultation agencies (Zuiderwijk et al., 2021). 

4.7. Regulatory Compliance and Risk Management Effectiveness Analysis in Artificial Intelligence 
Implementation 

The detailed examination of the efficiency of regulatory compliance in the activities of AI-powered due diligence 
procedures identified high levels of efficiency in the accuracy, consistency, and the exhaustive coverage of various 
regulatory frameworks (Xu et al., 2023). Our experience in monitoring compliance performance in 156 main 
transactions showed that AI machines were far much better than the usual manual review method with the AI system 
recording a success rate of 94.3% accuracy in highlighting regulatory requirements and compliance obligations as 
against the 81.7% success of the manual review methodology (Rien, 2018). The outcomes showed that automation of 
compliance verification activity decreased time of regulatory review by 67% and offers superior documentation and 
audit table functionality (Baker et al., 2024). The organizations in highly regulated industries, such as New York, 
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California, and Connecticut, were also mentioned to have experienced growth in compliance performance and success, 
especially in full-scale AI implementation (Johnson et al., 2022). 

The efficiency of risk management proved to increase remarkably in both their variety and range of risks covered, and 
in different corporate environments (Nguyen et al., 2023). The data showed that machine learning-based risk models 
could identify 91.8% of material risks that would affect the outcome of the transactions later than the traditional risk 
assessment methodologies (76.4%) (Bharadwaj et al., 2021). Companies that employed extensive risk management 
frameworks on AI reported being able to prioritize their ability to evaluate related risks and the risk of cascading effects 
that traditional methods may have missed (Bedekar et al., 2024). Financial institutions and insurance companies in 
major business hubs such as Chicago, Boston, and San Francisco had better risk management results by systematically 
integrating AI (Zhou et al., 2022). 

Regulatory monitoring and sustaining compliance abilities realized considerable advancements with the help of AI 
deployment, as self-regulating systems can monitor regulatory adjustments and conformance standards constituent 
jurisdictions concurrently (Wu et al., 2019). The data showed that AI assisted regulatory monitoring tools detected 
more than 96.7% of pertinent regulatory changes and possible compliance disruptions versus 73.2% of the regulatory 
alterations found utilizing conventional tools (Cazzaro, 2024). Companies that engage in cross-border transactions 
were found to have greater flexibility to work within numerous international regulatory frameworks and gain complete 
compliance with various legal frameworks (Petro-Korhonen El Bouchtili, 2020). AI-based regulatory compliance 
management tools proved to be highly advantageous to multinationals and international investment firms operating in 
such states as Delaware, Nevada and Texas, to just name some of them (Kayhko, 2017). 

4.8. Organizational Impact and Change Management Analysis in Artificial Intelligence Adoption for Due 
Diligence Processes 

The entire organizational impact study demonstrated that there were considerable transformational implications on 
various levels such as workforce capabilities, operational processes, and ability to make strategic decisions 
(Baumgartner, 2024). The assessment of the organizational transformations in 134 companies that deploys AI in due 
diligence operations showed the average productivity boost in 52.8% and supporting more analytical capacities to allow 
the companies to use more advanced methods of evaluating transactions (Li, 2018). The findings showed that 
organizations underwent fundamental changes in analytical processes with 73% of the surveyed firms describing 
significant changes in the definition of their roles and the skill set requirements of due diligence professionals 
(Marquardt et al., 2023). The companies in technologically advanced markets such as Silicon Valley, Seattle and Austin 
demonstrated a robust AI adoption plan and phenomenal results in terms of organizational adaptability and change 
(Wyatt et al., 2022). 

The effectiveness of workforce development and training is recording significant gains via formalised AI 
implementation programmes and organisations have recently recorded an 89.3% success rate concerning the 
development of internal AI skills and technical expertise (Kaayhko, 2023). The analysis showed that through thorough 
training, a majority of the current due diligence professionals could effectively organize themselves to succeed in 
analytical workflows enhanced by AI and keep their ability to progress their careers (Noghrehkar, 2023). Companies 
who have used systematic change management methodologies noted that there was an increase in user acceptance and 
a decrease in resistance towards technology adoption in comparison to those that use ad-hoc implementation processes 
(Bhatia and Singh, 2021). Professional service organizations and financial institutions in other business hubs such as 
New York, Chicago, and Los Angeles produced better workforce development results by providing effective progression 
through entire training and career bona fide and cogitation (Ibor, 2025). 

The effectiveness of strategic decisions showed relevant improvements with the adoption of AI, and the organizations 
highlighted that decision analysis and speed of operation were increased, as well as competitive market standing 
improved in transaction markets (Abbasli, 2024). The findings showed that the analytical strengths augmented by use 
of AI helped assess more complex transactions and strategic options more comprehensively than the current traditional 
approaches could be deemed possible (Adewunmi, 2016). Corporates indicated that they could screen a wide range of 
acquisition targets in parallel, undertake end-to-end competitive investigations in various marketplaces (Li et al., 2022). 
Investment banks and other financial and non-financial providers of private equity in highly competitive markets such 
as California, New York, and Texas demonstrated a high degree of strategic benefits by systematically incorporating AI 
into the transaction analysis procedures (Liu, 2000). 
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5. Discussion  

The extensive review of artificial intelligence mechanisms in due diligence practices of merger and acquisition 
transactions reveals that it has the power to achieve paradigm shifts in various aspects of transaction assessment in the 
American business world. According to both research by Rahman (2021) on the usage of AI in MandA procedures, the 
machine learning algorithms substantially shift the manner in which an organization conducts the processes of target 
identification and risk assessment. Kajewole et al. (2023) similar research on blockchain and AI integration, the increase 
in technological capacity presents new unrivalled opportunities in terms of improving the analytical capacity of 
knowledge and decreasing the human component of error and time requirements in processing. The investigation 
conducted by Baumgartner (2024) on the role of AI reports that due diligence transformation with the help of artificial 
intelligence is a paradigm that transforms corporate transaction assessment approaches. Further, as stated by Li (2018) 
in the result of their studies, the regulatory environment needs to be adjusted and changed to be able to embrace the 
technological advancement and still provide the investor safety and compliance checks in various industries and 
jurisdictions. 

The success rates of machine learning algorithms on mergers and acquisition-related deals establishes a strong success 
rate against the traditional analytical techniques that had been used by companies and financial institutions in America. 
Research on the risks and opportunities of AI by Marquardt et al. (2023) shows that ensemble techniques obtain 
admirable predictive accuracy compared to the largely simplistic limitations of most other statistical models through 
their ability to recognize complex patterns and process data with sophisticated capabilities. In their study on integrating 
AI, Wyatt et al. (2022) state that machine learning applications allow the more in-depth assessment of complex 
transactions involving more than one business unit and national regulation areas. Furthermore, predictive analytics 
offers the decision-makers much better insights on possible synergies and integrates challenges that the traditional 
methods could have failed to recognize. Also, Noghrehkar (2023) in their research on AI transformation, stresses that 
the technological potential implements real-time analysis and observation in the most extended transactions evaluation 
durations. 

Integration of environmental, social, and governance factors of an artificial intelligence systems, presents immense 
value propositions in the context of sustainable merger and acquisition decision-making processes within various 
American market segments. The study by Bhagwan (2020) on the applications of AI proves that the ESG factors applied 
impact long-term success rates of transactions as well as value creation of stakeholders. In their research on the viability 
of AI, Ibor (2025) further suggests that sustainability metrics positively contribute to the accuracy of predictive 
modeling because it helps in addressing regulatory compliance expectations. Research by Abbasli (2024) on the process 
of improving due diligence reveals that the ESG integration needs advanced analytical systems that can analyze the data 
arising in multi-dimensional terms in environmental, social, and governance elements. In addition, according to their 
research on the challenges of undertaking MandAs, the ESG factors are gaining ground as significantly crucial to the 
institutional investors and the regulatory approval process mechanism in heavily regulated industries. 

The legal and financial documents housed in large volumes are considerations to which the natural language processing 
technologies are transformative tools to automate extract valuable information and interpret it through the horizon of 
document analysis. According to the research conducted by Li et al. (2022) the scope of AI influence on cross-border 
transactions provides that NLP systems can be used to process thousands of contracts at once and remain highly 
accurate in terms of identifying the material terms and possible risks presented. Liu (2000) underline that outcomes of 
the study of AI combination were the indication that automated document analysis decreases legal review duration and 
enhances consistency and completeness of risk identification steps. The analysis of research by Gupta (2022) humans 
versus machines analysis shows that the NLP applications provide even impressive results in improvement of accuracy 
in contract clause identification and regulatory compliance verification. Besides, perhaps, Chen et al. (2023) testify in 
their study on the application of AI technology that natural language processing (NLP) can provide globally inclusive 
analysis of unstructured data resource like correspondence, reports, and regulatory filings in multiple jurisdictions and 
languages. 

The use of artificial intelligence in due diligence operations should be undertaken with specific attention to compliance 
regulations, as well as the risk management strategies in the American business setting to promote sustainable 
application of this technology in any corporate setting. Research on the effectiveness of AI by Bedekar et al. (2024) can 
indicate that companies would have to strike the right balance between technological possibilities and proper 
governance practices. In the study conducted by CCS Moschner and Co. (2019) about the application of AI, it has been 
stated that laws and regulations keep changing to meet the challenge of any automated decision-making systems. As 
per the findings by Mangaldas (2020) on the effectiveness of AI, AI implementation deals with a thorough knowledge of 
technological possibilities, which is enough to meet traditional due diligence principles. Moreover, with the help of their 
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study of the application of AI, Ahmed et al. (2024) also highlight that human knowledge is nonetheless essential in order 
to provide proper interpretation of machine-based insights and regulatory control of conformance to the necessary 
criteria during transaction assessment procedures. 

The organizational impact and change management consideration reveal that any successful adoption of artificial 
intelligence must include expansive efforts of organizational transformation efforts that touch on the workforce 
development strategies, process design strategies, and cultural change adaptation strategies. In a study of the AI-guided 
deals, Siew et al. (2022) found that companies need to spend plenty on training outlines and change management 
operations to reap the complete technological profits. According to the research by Choi et al. (2023), workforce 
development is important in regards to ensuring that the professionals working in the field can adjust to the 
transformation of their workflow to more analytical solutions without losing the option to advance their careers. The 
findings of research conducted by Xu et al. (2023) on AI influence also show that cultural transformation programs that 
focus on collaboration between the expertise of humans and the capabilities of AI yield better results in terms of 
adoption. Also, in their review on the effect of AI, Rien (2018) confirms that to be successfully adopted, in terms of 
implementation, AI needs systematic approaches to performance Measurements, coping up with incentive schemes, and 
organizational culture changed. 

The effectiveness of risk assessment and risk management proves to have an insightful increase when applied to 
artificial intelligence and can evaluate multidimensional danger factors and possible ways of mitigation inclusive of 
complex transaction settings. A study conducted by Bedekar et al. (2024) into the efficacy of AI proves that the risk-
identification model of machine learning recognizes most of the material risks with a significantly higher level of 
accuracy as compared to the conventional evaluation methodologies. In their research on AI trends, Zhou et al. (2022) 
state that the automatization of risk detection creation must help regulate the possible integration issues and regulatory 
issues proactively. According to research conducted by Wu et al. (2019) of AI-enabled due diligence, broad-based risk 
modeling gives a value enhancer due to lessening the minds of the decision-makers about both downside conditions 
and components of value obliteration. Moreover, as Cazzaro (2024) themselves clarify in their studies of quantitative 
analysis, risk-adjusted modeling models that directly follow the insights provided by AI pathways to become even 
further correlated than ever to the results of real transactions in different conditions and industries of the market. 

The use of artificial intelligence applications in due diligence of merger and acquisition induces competitive advantage 
to the American organizations by helping them to improve their analytical capabilities, their ability to make decisions 
in a timely manner and their ability to evaluate transactions in their overall performance. The outcomes on the use of 
technology in valuation support as indicated by Petro-Korhonen El Bouchtili (2020) research on AI-driven valuation 
techniques show that organisations that adopt technology early tend to be able to perform better in the transactions 
process and other market activities than those that use traditional means. According to Bedekar et al. (2024), in their 
study on generative AI disruption, it can be highlighted that entire AI implementation permits organizations to reach 
for higher growth goals and expansion plans in the market. A study by honcharenko (2024) on financial due diligence 
demonstrates the findings that more complex transactions and alternative strategic assessments are backed by 
expanded AI-accelerated capabilities. Moreover, Narteh-Kofi et al. (2024) identifying the efficient competitive position 
and higher capacity to realize strategic transactions during the fast-changing environment of the market confirm based 
on the findings of their research in the field of AI and decision-making that the technological benefits are converted into 
the augmentation of competitive positions and the increase of an ability to realize the strategic transactions in the 
rapidly changing environment of the market.  

6. Conclusion 

Conclusively, artificial intelligence applications essentially revolutionize due diligence practice in large-scale merger 
and acquisition deals with all-round positive changes in accuracy of the analysis, efficiency of processing and strategic 
decision making all over the corporate sector in the United States. The study has shown that machine learning 
algorithms outperform other measurement practices in terms of predictive success with AdaBoost models delivering 
up to 80.1% accuracy in predicting the likelihood of a transaction occurring. The incorporation of ESG factors with AI 
systems can produce massive value propositions in this area of evaluating sustainable transactions; and natural 
language processing technologies transform document analysis because they extract and interpret critical information 
in large repositories of legal and financial documents. By applying AI-based due diligence applications, the organizations 
can save up to 40-50% of money and enjoy increased effectiveness in processing (55-65%) which helps the organization 
in creating competitive advantages and wins in auctioned-related situations or time-sensitive transactions 
opportunities. 
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The disruptive effect of artificial intelligence is not only in direct efficiency improvements but in a more basic change in 
the abilities and force of sorts in companies, staff advancement, and moderation strategies as part of the American 
merger and acquisition markets. The road to effective AI adoption must include a wide scope of change management 
operations that should surround regulatory compliance, risk management, and cultural transformation options in 
conjunction with suitable human direction and expertise. The technology facilitates a more advanced assessment of the 
complicated cross-border transaction; the aspects of environmental sustainability and regulatory compliance 
requirements that could not be dealt with in an effective manner using the traditional methodologies. Companies using 
a due diligence system that incorporates the power of AI note their enhancement of transaction outcomes, better 
competitive positioning, and the overall capability to realize and target sources of strategic value creation in different 
sectors and market environments. 

Further development of artificial intelligence technologies is likely to bring even more changes in the accuracy of 
predictive models and risk assessment complexity as well as in strategic evaluation in the global merger and acquisition 
marketplace. Advances in machine learning algorithms, natural language processing, as well as predictive analytics, in 
the future, are expected to further increase the possibility of processing more intricate transaction scenarios without 
any compromise of the regulatory compliances and the safety of stakeholders. Combined with customary due diligence 
knowledge, AI applications yield mixing analytical platforms that merge the new technological functionality with the 
strategic vision of people and allow the analysis of risks and opportunities of the transaction on a bigger scale. American 
organizations implementing AI-digitized due diligence capabilities view them as the best put to further thrive and excel 
in the area of strategic performance in an extremely demanding, competitive and diversified business global world 
dynamic in high-speed technological evolution and changing stakeholder demands.  
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