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ABSTRACT: This article synthesizes interdisciplinary literature on the influence of digital transformation 

and artificial intelligence (AI) on merger and acquisition (M&A) outcomes, proposes a unified conceptual 

framework linking digital capabilities to acquisition performance, and outlines a rigorous research agenda 

for empirical testing. Drawing on strategic management, international business, information systems, and 

finance literatures, the paper first maps how digital transformation alters pre-deal target search, valuation, 

due diligence, contract design, integration planning, and post-merger value capture (Bauer, Matzler, & 

Schüssler, 2020; Christensen et al., 2011). It then examines the emergent role of AI-driven analytics and 

automation in augmenting human expertise across M&A phases (Brown et al., 2019; Antwi, Adelakun, & 

Eziefule, 2024), and situates these developments within classical explanations for merger synergies—taxes, 

market power, and efficiency improvements (Devos, Kadapakkam, & Krishnamurthy, 2009). The paper 

integrates microfoundations from organizational learning, dynamic capabilities, and resource-based views 

to explain heterogeneous performance effects (Devers et al., 2013; Cording, Christmann, & King, 2008). 

Methodologically, the article lays out a mixed-method, multi-phase empirical approach—combining archival 

event-study style performance analysis, large-scale survey measurement of digital competences, and in-

depth qualitative case studies of AI-enabled diligence teams—to measure both financial and strategic 

outcomes while capturing boundary conditions. Results from a simulated synthesis of extant empirical 

findings suggest digital maturity positively moderates the relationship between deal-related complexity and 

integration success, yet exposes firms to new sources of risk and overvaluation when managerial attention is 

misallocated (Bauer et al., 2020; Devos et al., 2009). The discussion elaborates theoretical implications, 

practical prescriptions for dealmakers, and limitations of current knowledge, offering directions for future 

research including measurement refinement, causal identification strategies, and cross-border considerations 

(Buckley, Elia, & Kafouros, 2017). The article concludes by arguing that digitally capable acquirers with 

appropriate governance and learning mechanisms are better positioned to realize M&A synergies in the AI 

era, but achieving such advantages demands deliberate investment in human capital, integration processes, 

and transparency in AI-enabled decision tools (Betts & Jaep, 2017; Baskin, 2023). 

 

Keywords: mergers and acquisitions; digital transformation; artificial intelligence; acquisition performance; 

due diligence; integration; capabilities 

 

INTRODUCTION 

Mergers and acquisitions (M&A) remain core strategic tools for corporate growth, market entry, capability 

acquisition, and value creation (Devers et al., 2013; Christensen et al., 2011). Yet M&A outcomes are 

notorious for heterogeneity: while some deals generate sustained value, many fail to achieve projected 

synergies or destroy value post-transaction (Cording, Christmann, & King, 2008). Traditional accounts 

attribute value creation to taxes, market power, and efficiency improvements (Devos, Kadapakkam, & 

Krishnamurthy, 2009), and emphasize the centrality of complementary resources, integration processes, and 

managerial capabilities (Devers et al., 2013). The rapid advance of digital technologies—cloud computing, 

advanced analytics, machine learning, natural language processing, robotic process automation—combined 

with organizational shifts towards data-centric decision-making, is reshaping the terrain of M&A in profound 

ways (Bauer, Matzler, & Schüssler, 2020; Brown et al., 2019). These technologies influence nearly every 

stage of the M&A lifecycle: from target identification and predictive valuation to data-enabled diligence and 
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automated contract drafting, and from integration orchestration to post-merger performance monitoring 

(Alam, Azizah, & Caroline, 2025; Betts & Jaep, 2017). 

This article addresses a pressing scholarly and managerial problem: how does digital transformation, 

particularly the integration of AI, alter mechanisms of value creation and value capture in M&A, and under 

what conditions does digital capability translate into superior acquisition performance? The problem carries 

practical urgency—dealmakers invest vast resources in acquisitions, and misreading the implications of digital 

technologies can lead to overpayment, misaligned integration processes, or missed synergies (Christensen et 

al., 2011; Shounik, 2025). From a theoretical perspective, digitalization introduces new microfoundations 

(data, algorithms, platforms) and organizational dynamics (algorithmic decision support, automation, the need 

for continuous learning) that conventional M&A theories may not fully capture (Bauer et al., 2020; Brown et 

al., 2019). 

Existing literature provides valuable, but fragmented, insights. Empirical studies show that digital 

transformation can improve M&A performance under certain conditions (Bauer et al., 2020). Work on AI in 

finance and accounting highlights enhanced accuracy and timeliness in reporting and decision support (Antwi, 

Adelakun, & Eziefule, 2024). Conceptual contributions describe specific digital tools—automated contract 

drafting or AI-driven diligence—but often treat them as technological novelties without integrating them into 

a coherent theory of acquisition performance (Betts & Jaep, 2017; Brown et al., 2019). Further, research on 

cross-border investment and firm-level heterogeneity underscores the need to consider both organizational 

capabilities and the external institutional context (Buckley, Elia, & Kafouros, 2017). 

This paper fills those gaps by synthesizing divergent strands into a unified framework that explicates the 

channels through which digital transformation affects M&A performance, identifies mediators and moderators 

(e.g., digital maturity, integration capability, target weight in portfolio), and proposes a robust mixed-method 

empirical strategy to evaluate causal claims. The goals are threefold: (1) advance theoretical understanding by 

integrating digital microfoundations with established merger theory; (2) provide operationalizable constructs 

and measurement approaches for empirical researchers; and (3) offer actionable guidance to practitioners 

navigating AI-enabled M&A. Throughout, claims and prescriptions are grounded in extant literature and the 

theoretical logic connecting digital capabilities to transaction-level and firm-level outcomes (Devers et al., 

2013; Devos et al., 2009; Bauer et al., 2020). 

METHODOLOGY 

Given the complexity of M&A phenomena and the novel, rapidly evolving nature of digital technologies, the 

methodological approach advocated here is deliberately pluralistic and triangulated. The guiding principle is 

construct validity: to capture phenomena that are multidimensional (digital maturity, AI-enabled decision-

making, integration success), measurement strategies must combine objective archival data, perceptual survey 

measures, and qualitative process evidence (Cording, Christmann, & King, 2008). The methodology unfolds 

in three interlocking phases: archival quantitative analysis, large-scale cross-sectional surveys, and multiple 

in-depth case studies. Each phase contributes distinct but complementary evidence for causal mechanisms and 

boundary conditions. 

Archival Quantitative Component 

The archival component emulates an event-study and longitudinal performance analysis to assess deal-level 

financial outcomes and to test whether digital maturity moderates the relationship between deal characteristics 

and performance. It draws on publicly available financial filings, deal databases (e.g., Thomson Reuters, SDC 

Platinum), and firm-level indicators of digital transformation (e.g., IT investment intensity, patent filings in 
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AI, digital-focused M&A announcements) (Bauer et al., 2020; Devos et al., 2009). 

Operationalization of Key Constructs 

 Acquisition performance: Measured via abnormal stock returns (short-run event window around deal 

announcement), buy-and-hold abnormal returns over medium horizon, and accounting-based measures (post-

merger ROA, operating margin improvements) adjusted for industry and macroeconomic effects (Cording et 

al., 2008; Devers et al., 2013). 

Digital maturity: A composite index comprising (a) IT intensity (capital expenditure on information systems 

as percent of total assets), (b) proportion of workforce in data/analytics roles (derived from disclosures and 

LinkedIn-derived estimates), (c) number of AI-related patents/applications, and (d) prior digital acquisitions 

(Bauer et al., 2020; Brown et al., 2019). This index is standardized and validated against external digital 

capability assessments where available. 

Deal complexity: Indexed by degree of relatedness (horizontal vs. vertical vs. conglomerate), geographic 

scope (domestic vs. cross-border), technology intensity of target, and asset intangible share (Devos et al., 

2009; Buckley et al., 2017). 

Control variables: Firm size, leverage, pre-deal performance, industry fixed effects, deal size, payment 

method, and macroeconomic controls. 

Analytical strategy: Multilevel regression models with firm and industry fixed effects, interaction terms 

between digital maturity and deal complexity, propensity score matching to address selection bias in digital 

adopters, and difference-in-differences analyses for firms that adopt digital capabilities contemporaneous with 

acquisitions. 

Survey Component 

 To capture managerial perceptions, processes, and soft capabilities (integration routines, learning culture, 

governance over AI tools), the second phase deploys a large-scale survey targeting corporate development 

professionals, CFOs, and integration managers across industries (Brown et al., 2019; Shounik, 2025). 

Survey constructs and validation: 

● AI-enabled diligence adoption: extent to which firms use machine learning, NLP, or automation in 

document review, valuation modeling, and risk assessment (Betts & Jaep, 2017; Antwi et al., 2024). 

● Integration governance: presence of dedicated integration teams, digital integration playbooks, and 

KPIs for post-merger monitoring (Bauer et al., 2020). 

● Human-AI collaboration competence: managers' ability to interpret AI outputs, biases awareness, and 

training programs (Brown et al., 2019; Baskin, 2023). 

● Cultural and learning orientation: continuous learning programs, reskilling initiatives, and leadership 

commitment to digital transformation (Baskin, 2023). 

Measurement reliability: Use established psychometric protocols; pilot with 50 respondents for scale 

purification, confirmatory factor analysis, Cronbach's alpha, and measurement invariance tests across 

industries. 
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Analytical strategy: Structural equation modeling (SEM) to test mediation pathways (e.g., AI-enabled 

diligence → improved information precision → better valuation → superior post-merger integration 

outcomes), moderation tests for digital maturity and governance controls, and latent profile analysis to detect 

typologies of acquirers. 

Qualitative Case Studies 

The third phase provides processual depth. Multiple-case studies are selected using maximum variation 

sampling: (1) digitally mature acquirers with successful integrations; (2) digitally mature acquirers with 

disappointing outcomes; (3) digitally immature acquirers with unexpected successes due to complementary 

human capabilities. Cases are analyzed with fine-grained attention to pre-deal routines, data architecture, 

governance of algorithms, human resource practices, and integration artifacts (Devers et al., 2013; Betts & 

Jaep, 2017). 

Data collection: semi-structured interviews (corporate development, integration leads, data scientists, legal 

counsel), observation of integration meetings where accessible, internal documents (integration playbooks, 

diligence reports, contract clauses), and redacted outputs from AI tools when available. 

Process tracing: outcome-focused process tracing to identify causal mechanisms (e.g., how a specific 

predictive model changed valuation judgment and affected negotiation outcomes), with attention to alternative 

explanations like managerial hubris or market timing (Devos et al., 2009). 

Ethical and privacy considerations: anonymization protocols, informed consent, and sensitivity to proprietary 

data. 

Triangulation and Integration 

Evidence from archival, survey, and case data is triangulated. Archival analyses test generalizable 

associations, surveys test perceptual and organizational mechanisms, and cases unpack microprocesses and 

boundary conditions. The combined approach facilitates robust inferences about how digital transformation 

shapes M&A performance and when these effects are contingent on organizational and environmental factors 

(Cording et al., 2008; Devers et al., 2013). 

RESULTS 

Because this article synthesizes extant literature and proposes an empirically viable framework rather than 

reporting new primary field data, the "results" presented here represent an integrated descriptive analysis and 

simulated meta-analytic synthesis of extant empirical patterns. Findings are organized thematically: (A) 

digitalization and announcement returns, (B) digital maturity and post-merger integration, (C) AI-enabled 

diligence and valuation precision, (D) human-AI complementarities and workforce implications, and (E) risk 

vectors introduced by digital tools. 

(A) Digitalization and Announcement Returns 

Multiple empirical studies indicate that acquirers with demonstrable digital strengths tend to receive more 

positive market reactions at announcement, controlling for deal size and industry (Bauer et al., 2020). Investors 

appear to perceive digital assets and AI capabilities as sources of future growth and synergy potential, 

especially where targets bring complementary digital assets (Christensen et al., 2011). However, the premium 

is nuanced: while digitally mature acquirers enjoy higher abnormal returns in deals targeting digital assets, in 

unrelated or highly complex deals the market reaction is muted or negative, suggesting investor skepticism 
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about transferability of digital expertise across domains (Devos et al., 2009; Bauer et al., 2020). 

(B) Digital Maturity and Post-Merger Integration 

 The literature suggests that digital maturity positively moderates the relationship between deal complexity 

and integration success: firms with stronger data infrastructure, integration playbooks, and analytics 

capabilities are better at extracting operational synergies and realizing cost efficiencies (Bauer et al., 2020; 

Brown et al., 2019). Specifically, digital maturity facilitates faster systems integration, improved customer 

data unification, and more precise identification of redundancy opportunities. Nevertheless, digital maturity 

alone is insufficient: integration governance and human capital investments are critical mediators (Alam et 

al., 2025; Devers et al., 2013). Firms that neglected governance or underestimated culture clash saw persistent 

problems despite advanced analytics (Cording et al., 2008). 

(C) AI-Enabled Diligence and Valuation Precision 

AI tools—particularly natural language processing for document review and machine learning models for 

predictive cash flow estimation—improve the speed and breadth of due diligence, uncovering hidden liabilities 

and customer churn patterns that manual review often misses (Betts & Jaep, 2017; Antwi et al., 2024). The 

consequence is a documented increase in information precision and lower incidence of post-deal surprises for 

acquirers deploying such tools. Yet empirical evidence also notes a paradox: when AI-generated signals are 

treated as definitive rather than probabilistic inputs, acquirers may over-rely on algorithmic outputs, leading 

to overconfidence and overpayment (Brown et al., 2019; Shounik, 2025). 

(D) Human-AI Complementarities and Workforce Implications 

Studies on organizational learning and analytics suggest that AI augments human decision-making most 

effectively when complemented by upskilled workforce and continuous learning programs (Brown et al., 

2019; Baskin, 2023). The emergent role of entry-level analysts is shifting from manual data extraction to AI 

orchestration and interpretation—demanding advanced analytical literacy and domain expertise (Shounik, 

2025). When firms invest in training and cultivate interpretative capabilities, they achieve superior integration 

outcomes, as humans correct for model limitations and contextualize algorithmic outputs (Brown et al., 2019). 

(E) Risk Vectors Introduced by Digital Tools 

While digital transformation delivers benefits, the literature identifies new risk categories: data privacy and 

regulatory compliance challenges, model bias leading to misvaluation, cyber vulnerabilities during 

integration, and governance challenges around AI accountability (Antwi et al., 2024; Betts & Jaep, 2017). 

These risks can translate into tangible financial losses or reputational harm post-merger if not proactively 

managed. Furthermore, the novelty of AI in legal and contractual contexts complicates liability allocation and 

warranties, requiring sophisticated legal innovation (Betts & Jaep, 2017). 

Collectively, these synthesized results highlight a consistent pattern: digital capabilities enhance M&A 

outcomes when embedded in coherent governance, human capital, and integration processes; absent these 

supporting elements, digital tools may exacerbate managerial biases or create novel failure modes (Bauer et 

al., 2020; Devers et al., 2013). 

DISCUSSION 

This section deepens the interpretation of the synthesized results, teasing out theoretical implications, 

contrasting viewpoints and counter-arguments, practical recommendations, and methodological caveats. The 
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discussion is organized around five pillars: (1) theoretical integration and microfoundations; (2) contingency 

view—when digitalization helps and when it hurts; (3) governance and capability development; (4) normative 

implications for deal structure and legal contracting; and (5) research opportunities and methodological 

refinements. 

1.Theoretical Integration and Microfoundations 

Integrating digital transformation with classical merger theory requires bridging resource-based and 

microfoundational accounts. Traditional resource-based views (RBV) emphasize the role of valuable, rare, 

inimitable resources in creating sustained advantage (Devers et al., 2013). Digital assets—data, algorithms, 

platform architectures—fit the RBV but have distinct properties: they are non-rival, can scale rapidly, and are 

often co-created with users or partners (Brown et al., 2019). This necessitates adding microfoundations: data 

quality, algorithmic learning loops, and modular architectures become the building blocks for post-acquisition 

value creation. 

Moreover, dynamic capabilities literature illuminates how firms sense, seize, and transform opportunities—

capacities that digital transformation both enables and stresses (Bauer et al., 2020). For instance, AI-enhanced 

sensing improves market scanning and identification of novel targets; however, seizing requires rapid decision 

cycles and integrative capacity to absorb and reconfigure assets. The microfoundation lens helps explain 

heterogeneity: two firms with similar IT budgets may differ vastly in acquisition outcomes depending on how 

well they operationalize data governance, model interpretability, and cross-functional integration routines 

(Devers et al., 2013; Brown et al., 2019). 

2.Contingency View: When Digitalization Helps and When it Hurts 

 A central theoretical contribution is the articulation of contingent relationships. Digitalization tends to 

produce favorable outcomes in acquisitions where synergies are primarily informational or operational—

customer data unification, process automation, and platform consolidation (Bauer et al., 2020). Conversely, 

in deals where tacit human capital, complex organizational cultures, or highly regulated activities are central, 

the marginal benefit of AI is lower and can mask critical social integration tasks. For example, AI excels at 

detecting patterns in user behavior but cannot by itself reconcile divergent compensation systems, managerial 

norms, or cross-cultural integration—areas where human leadership remains indispensable (Cording et al., 

2008; Devers et al., 2013). 

Another contingency relates to deal relatedness. Horizontal or digital-similar acquisitions create clearer paths 

for applying machine-learned models and integrating data architectures. In contrast, conglomerate or unrelated 

acquisitions present challenges—models trained on one domain may not generalize, and data architectures 

may be incompatible, imposing high adaptation costs (Devos et al., 2009). 

3.Governance and Capability Development 

 Digital tools sharpen the need for robust governance frameworks. Governance spans technical governance 

(model validation, explainability), process governance (integration playbooks, KPIs), and legal/governance 

structures (contractual clauses dealing with data rights and liabilities) (Betts & Jaep, 2017; Antwi et al., 2024). 

The literature suggests several governance levers: 

● Integration playbooks with digital specifics: documenting data migration protocols, API compatibility, and 

privacy checks (Bauer et al., 2020). 
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● Human oversight: creating "human-in-the-loop" checkpoints for high-stakes valuations or contractual 

clauses where AI outputs are translated into binding commitments (Betts & Jaep, 2017). 

● Continuous learning and upskilling: investing in analytics academies and rotational programs to develop 

interpretive skills among deal teams (Brown et al., 2019; Baskin, 2023). 

● Legal provisions: designing warranties, indemnities, and representations that account for algorithmic 

uncertainties and data provenance (Betts & Jaep, 2017). 

4. Normative Implications for Deal Structure and Contracting 

 AI’s capacity to generate richer signals about target assets reshapes bargaining and contract design. More 

precise due diligence can reduce asymmetric information and transaction costs, altering negotiation dynamics. 

However, the law and contracting spheres lag behind technological capability; traditional representations and 

warranties may not map cleanly to algorithmic performance metrics (Betts & Jaep, 2017). For example, a 

seller may resist transferring raw data for fear of exposing sensitive systems, while the buyer insists on data 

access to validate ML models. Novel contractual constructs—data escrow arrangements, performance-

contingent earnouts linked to algorithmic performance, and clauses specifying model validation protocols—

are emerging as practical solutions (Betts & Jaep, 2017). 

5. Research Opportunities and Methodological Refinements 

 The synthesis reveals fertile terrain for future empirical work. Key opportunities include: 

● Measurement refinement: developing validated, multi-indicator scales of digital maturity suitable for 

archival and survey research, and distinguishing between types of AI (supervised learning, NLP, 

reinforcement learning) in analyses (Bauer et al., 2020; Antwi et al., 2024). 

● Causal identification: exploiting quasi-experimental variation (e.g., staggered rollouts of AI platforms, 

regulatory shocks) to isolate causal impact of digital tools on acquisition outcomes. 

● Cross-border and institutional heterogeneity: examining how data localization laws, regulatory regimes, and 

national AI strategies moderate digitalization effects in cross-border M&A (Buckley et al., 2017). 

● Microprocess tracing of human-AI interaction: ethnographic studies of diligence teams to unpack how 

interpretive work shapes final judgments (Brown et al., 2019; Shounik, 2025). 

● Longitudinal studies of capability accumulation: how repeated digital investments and small-scale 

acquisitions build cumulative advantage in dealmaking. 

Counter-Arguments and Alternative Interpretations 

A robust scholarly treatment must consider counter-arguments. One alternative viewpoint is technological 

determinism: that digital tools will unilaterally drive better M&A outcomes irrespective of governance or 

human skills. The synthesis refutes this, citing empirical evidence that without governance and learning, AI 

can exacerbate errors (Brown et al., 2019; Antwi et al., 2024). Another counterpoint is market exuberance: 

positive announcement returns may reflect hype rather than genuine ability to realize synergies. The archival 

literature demonstrates that short-run market reactions can be overly optimistic and that long-run accounting 

measures provide necessary corrective lenses (Devos et al., 2009; Bauer et al., 2020). 

Finally, ethical concerns merit attention: the deployment of AI in diligence raises transparency and fairness 
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questions—are certain stakeholders disadvantaged by opaque algorithms? Addressing these normative 

dimensions requires integrating ethics and legal studies into future M&A research agendas (Antwi et al., 

2024). 

LIMITATIONS 

The integrated analysis presented here synthesizes extant theoretical and empirical contributions but is subject 

to limitations that should temper strong causal claims. First, much of the extant empirical evidence is 

correlational and sensitive to selection bias—firms that invest in digital capabilities may differ in unobserved 

ways (leadership quality, risk appetite) that also affect acquisition outcomes (Cording et al., 2008). Second, 

measurement of digital maturity is still nascent; proxies like IT spending or patent counts capture different 

facets and may not reflect effective capabilities (Bauer et al., 2020). Third, the pace of technological change 

means models and tools evolve rapidly—findings based on available tools may have limited external validity 

as new architectures and legal regimes emerge (Antwi et al., 2024). Fourth, the present synthesis draws heavily 

on published studies and practitioner accounts, which may overrepresent successful use-cases and 

underrepresent failed or unpublished experiments due to publication bias. Fifth, cross-cultural and cross-

industry generalizability is constrained: firms in highly regulated industries (e.g., banking) face idiosyncratic 

constraints on data sharing and AI deployment that influence M&A mechanics (Alam et al., 2025; Buckley et 

al., 2017). 

Acknowledging these limitations underscores the need for the methodological agenda proposed earlier—well-

designed quasi-experiments, validated measurement scales, and in-depth case studies—to generate more 

definitive causal assessments. 

Future Research Directions 

Building on the synthesis and limitations, the paper suggests a structured research agenda: 

1. Measurement and Validation Initiatives 

Develop an open-source digital maturity instrument, validated across industries and geographies, that 

distinguishes governance capacities, data architecture robustness, AI literacy, and strategic digital orientation 

(Bauer et al., 2020). 

2. Causal Identification Strategies 

Leverage natural experiments (e.g., sudden regulatory changes affecting data portability), firm-level 

randomized trials of digital integration playbooks, and instrumental variable approaches to disentangle 

selection effects (Devos et al., 2009). 

3.Human-AI Process Studies 

 Conduct longitudinal ethnographies of deal teams to understand how algorithms change attention allocation, 

negotiation heuristics, and the nature of managerial learning (Brown et al., 2019; Shounik, 2025). 

4. Legal and Contractual Innovation Studies 

Analyze how new contract forms—data escrows, AI performance warranties, algorithmic indemnities—affect 

deal outcomes and bargaining power. Comparative legal studies across jurisdictions can reveal how 

institutional regimes shape feasible contracting solutions (Betts & Jaep, 2017). 
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5.  Cross-Border and Institutional Contexts 

 Investigate how data localization laws and differing AI governance regimes alter the value of digital assets in 

cross-border M&A, considering strategic implications for both acquirers and targets (Buckley et al., 2017). 

6. Ethical and Societal Implications 

 Incorporate fairness, transparency, and stakeholder impact assessments into M&A research agendas to ensure 

that AI-enabled deals do not exacerbate inequities or generate adverse social outcomes (Antwi et al., 2024). 

Practical Implications for Managers 

The synthesis yields several actionable recommendations for corporate development teams and boards: 

● Invest in interpretive capabilities: training programs that enhance employees’ ability to read and 

interrogate AI outputs are critical (Brown et al., 2019; Baskin, 2023). 

● Strengthen integration governance: create digital-specific integration playbooks, with clear 

responsibilities for data migration, API mapping, and model validation (Bauer et al., 2020). 

● Use AI as augmentative, not replacement: preserve human oversight for high-stakes judgments, and 

ensure probabilistic framing of model outputs to avoid overconfidence (Brown et al., 2019; Betts & Jaep, 

2017). 

● Negotiate data rights proactively: incorporate contractual safeguards and validation periods to reduce 

post-closing surprises tied to data quality or model performance (Betts & Jaep, 2017). 

● Monitor for new risk vectors: cybersecurity protocols, privacy compliance checks, and ethical reviews 

should be integral to the integration timeline (Antwi et al., 2024). 

CONCLUSION 

Digital transformation and AI are reshaping the M&A landscape by enhancing information processing, 

accelerating due diligence, and enabling novel integration possibilities. The weight of evidence synthesized 

here suggests that digitally mature acquirers, equipped with governance mechanisms and human interpretive 

capacity, are better positioned to capture acquisition synergies. Yet the benefits are conditional: absence of 

governance, inadequate human-AI complementarity, regulatory friction, or misapplied models can reverse 

anticipated gains and introduce novel risks. This article contributes a unifying conceptual framework, an 

empirically tractable methodological agenda, and a set of actionable managerial prescriptions grounded in the 

extant literature (Bauer et al., 2020; Brown et al., 2019; Devos et al., 2009). Future research, operationalized 

through validated measurement tools and causal identification strategies, will be essential to refine claims and 

guide practice as technologies and institutions co-evolve. Ultimately, the promise of AI-enabled M&A will 

be realized not by algorithms alone but by organizations that integrate technological, human, and governance 

resources in a coordinated, learning-oriented manner (Baskin, 2023). 

REFERENCES 

1. Bauer, F., Matzler, K., & Schüssler, E. (2020). The impact of digital transformation on merger and 

acquisition performance: An empirical investigation. Journal of Management, 46(8), 1305–1339. 

http://www.eijmr.org/index.php/eijmr


503 https://www.eijmr.org/index.php/eijmr 

 

 

ETHIOPIAN INTERNATIONAL JOURNAL OF MULTIDISCIPLINARY RESEARCH 

2. Benitez, J., et al. (2020). How do small firms learn to develop a social media competence? International 

Journal of Information Management, 50, 183–198. 

3. Buckley, P. J., Elia, S., & Kafouros, M. (2017). A retrospective and agenda for future research on Chinese 

outward foreign direct investment. Journal of International Business Studies, 48, 411–450. 

4. Christensen, C. M., et al. (2011). The big idea: The new M&A playbook. Harvard Business Review, 89(3), 

48–57. 

5. Cording, M., Christmann, P., & King, D. R. (2008). Measuring theoretically complex constructs: The case 

of acquisition performance. Strategic Organization, 6(2), 107–140. 

6. Devers, C. E., et al. (2013). Taking stock of what we know about mergers and acquisitions: A review and 

research agenda. Journal of Management, 39(5), 1477–1519. 

7. Devos, E., Kadapakkam, P.-R., & Krishnamurthy, S. (2009). How do mergers create value? A comparison 

of taxes, market power, and efficiency improvements as explanations for synergies. The Review of 

Financial Studies, 22(3), 1179–1211. 

8. Alam, Y., Azizah, S. N., & Caroline, C. (2025). Digital Transformation in Banking Management: 

Optimizing Operational Efficiency and Enhancing Customer Experience. International Journal of 

Management Science and Information Technology, 5(1), 46. https://doi.org/10.35870/ijmsit.v5i1.3646 

9. Antwi, B. O., Adelakun, B. O., & Eziefule, A. O. (2024). Transforming Financial Reporting with AI: 

Enhancing Accuracy and Timeliness. International Journal of Advanced Economics, 6(6), 205. 

https://doi.org/10.51594/ijae.v6i6.1229 

10. Baskin, K. (2023). How continuous learning keeps leaders relevant in the age of AI. 

https://mitsloan.mit.edu/ideas-made-to-matter/how-continuous-learning-keeps-leaders-relevant-age-ai 

11. Betts, K. D., & Jaep, K. R. (2017). The Dawn of Fully Automated Contract Drafting: Machine Learning 

Breathes New Life into a Decades-Old Promise. Duke Law and Technology Review, 15(1), 216. 

https://scholarship.law.duke.edu/cgi/viewcontent.cgi?article=1306&context=dltr 

12. Shounik, S. (2025). Redefining Entry-Level Analyst Roles in M&A: Essential Skillsets in the Age of AI-

Powered Diligence. The American Journal of Applied Sciences, 7(07), 101–110. 

https://doi.org/10.37547/tajas/Volume07Issue07-11 

13. Brown, S., Gandhi, D., Herring, L., & Puri, A. (2019). The analytics academy: Bridging the gap between 

human and artificial intelligence. https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-

analytics-academy-bridging-the-gap-between-human-and-artificial-intelligence 

http://www.eijmr.org/index.php/eijmr

