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Abstract. This research investigates the integration of Artificial 

Intelligence (AI) and Digital Transformation (DT) as critical enablers 

of Industry 4.0, highlighting their combined influence in reshaping 

industrial processes and enhancing operational efficiency. AI 

technologies, including machine learning, natural language 

processing, and computer vision, are driving advancements in 

automation, real-time decision-making, and personalized services 

across various industries, such as manufacturing, healthcare, and 

logistics. DT involves the widespread adoption of digital 

technologies that transform business models, stakeholder 

interactions, and organizational structures, working synergistically 

with AI to foster innovation. While existing literature often 

examines AI and DT in isolation, this study addresses the gap by 

employing a Systematic Literature Review (SLR) and Multi-Criteria 

Analysis (MCA) methodology to evaluate research based on 

academic impact, practical relevance, and sectoral readiness. The 

analysis reveals emerging trends such as predictive analytics, 

autonomous systems, and smart manufacturing, with industries like 

healthcare and retail showing strong adoption, while real estate and 

legal services remain underexplored. The research examines 46,936 

Scopus records and selects 32 studies for analysis. The MCA results 

underscore the importance of aligning academic research with 

industrial needs and fostering cross-sector collaboration. 

Ultimately, this study bridges the gap between theory and practice, 

offering valuable insights for policymakers, scholars, and 

practitioners to strengthen competitive advantage in the digital era. 

 

Keywords: Artificial Intelligence, Digital Transformation, Industry 

4.0, Predictive Analytics, Cross-Sector Collaboration. 
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1. INTRODUCTION 

 

The rapid advancement of Artificial Intelligence (AI) has fundamentally reshaped 

industrial processes, driving innovation, efficiency, and competitiveness across various 

sectors. AI technologies, such as machine learning, natural language processing, and 

computer vision, have enabled industries to optimize operations, enhance decision-

making, and improve customer experiences[1]. Recent studies have emphasized that the 

convergence of AI and DT represents not only a technological transformation but also a 

socio-economic shift that redefines industrial competitiveness and innovation 

ecosystems. AI-driven analytics and automation are becoming central to operational 

excellence and predictive decision-making across sectors such as energy, logistics, and 

smart cities [2] [3]. Meanwhile, DT facilitates the integration of cyber-physical systems 

and Internet of Things (IoT) technologies that enable real-time data flows, connectivity, 

and system interoperability [4]. The synergy between AI and DT is increasingly viewed as 

the foundation of the transition toward Industry 5.0, characterized by human–machine 

collaboration, sustainability, and resilience [5]. These technological trends indicate that 

successful digital transformation requires not only technological adoption but also 

strategic alignment between digital capabilities, organizational culture, and workforce 

readiness. 

 

By processing vast amounts of data at unprecedented speeds, AI has revolutionized areas 

such as predictive maintenance, supply chain optimization, and customer engagement [6]. 

As industries increasingly adopt these technologies, AI is no longer seen as a luxury but 

as a necessity for maintaining a competitive edge. Its integration into industrial processes 

is a key driver of the broader evolution toward Industry 4.0, where automation, 

interconnectivity, and data-driven insights redefine traditional industrial paradigms [7]. 

Industry 4.0 frameworks highlight how AI enables adaptive manufacturing systems, 

autonomous process control, and enhanced supply-chain transparency through 

intelligent sensing and real-time analytics [8][9]. Researchers have also identified digital 

twins and big data analytics as crucial components for achieving operational agility and 

sustainable industrial performance [9][10]. In this context, organizations that successfully 

integrate AI into DT strategies demonstrate greater efficiency, reduced downtime, and 

improved innovation capacity, positioning them as digital leaders in competitive markets. 
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In parallel, the concept of Digital Transformation (DT) has gained significant attention as 

companies strive to adapt to rapidly changing technological landscapes. DT refers to the 

integration of digital technologies into all areas of a business, fundamentally changing 

how organizations operate and deliver value to customers [11]. Unlike incremental 

improvements, DT involves a holistic rethinking of business processes, organizational 

structures, and stakeholder engagement [12]. In industrial contexts, DT has enabled 

companies to streamline production, enhance flexibility, and respond more quickly to 

market demands. When combined with AI, DT becomes a powerful tool for enabling 

intelligent factories, real-time monitoring, and personalized customer experiences, 

making it a cornerstone for sustaining competitiveness in the digital age [13]. The 

convergence of AI and DT has become a central pillar of Industry 4.0, which represents 

the fourth industrial revolution driven by smart technologies and connected systems. 

This convergence unlocks unprecedented value by enabling autonomous decision-

making, predictive analytics, and seamless integration across industrial ecosystems [7][1]. 

For example, AI-driven solutions have been widely implemented in sectors such as 

healthcare, logistics, and manufacturing, enabling automation, real-time decision-making, 

and improved customer experiences [6]. However, despite its transformative potential, 

the research landscape on AI and DT remains fragmented, with studies often focusing 

on isolated aspects rather than presenting a holistic view [12]. Understanding temporal 

trends in AI and DT research is crucial for identifying emerging themes, guiding future 

investigations, and ensuring alignment with evolving industrial demands. 

 

Existing methodologies for synthesizing research, such as the Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses (PRISMA) framework, offer a structured 

approach to conducting systematic literature reviews (SLR) [14]. PRISMA is widely used 

across disciplines for identifying, screening, and synthesizing research trends. However, 

while effective in providing a broad overview, PRISMA often lacks mechanisms to 

evaluate the relevance of studies based on criteria such as academic impact, practical 

applicability, and temporal relevance. This limitation is particularly critical for fields like 

AI and DT, where relevance is multidimensional. For instance, a study with high academic 

impact may have limited practical application, while another focusing on outdated 

technologies may no longer align with the needs of modern industries [12][15]. 

Furthermore, there are few systematic approaches that address sectoral readiness and 

the varying technological or financial barriers faced by industries adopting AI and DT. 
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This study addresses these gaps by employing a multi-criteria decision-making (MCDM) 

methodology integrated with a systematic literature review (SLR). This approach enables 

the identification of temporal trends and sectoral variations in the adoption and impact 

of AI and DT. Drawing on methodologies established in prior SLRs of MCDM applications 

in areas such as smart cities and energy policy, the present study extends these principles 

to assess research relevance in industrial contexts [7][12]. By focusing on temporal and 

cross-sectoral analyses, this study provides a roadmap for understanding how these 

technologies evolve and influence various industry sectors. Specifically, the integration 

of MCDM allows for a more nuanced evaluation based on factors such as technological 

readiness, sectoral impact, and research innovation, addressing critical gaps in existing 

literature. This study offers two key contributions to the existing body of knowledge. 

First, it provides a comprehensive overview of temporal trends in AI and DT research, 

highlighting shifts in focus, emerging themes, and areas of growing importance over time. 

Second, it introduces a methodological enhancement to the PRISMA framework, 

incorporating a multi-criteria weighting mechanism to evaluate the relevance of 

research. By synthesizing these insights, the study aims to bridge the gap between 

academic research and industrial practice, ensuring that AI and DT innovations remain 

aligned with the dynamic needs of industries. Ultimately, this research provides 

actionable insights for scholars, policymakers, and practitioners, serving as a guide for 

advancing the integration of AI and DT in industrial environments. 

 

Although both AI and DT have attracted substantial academic and industrial attention, 

the majority of research remains fragmented, focusing on single-technology adoption or 

sector-specific outcomes rather than comprehensive integration models [16][17]. For 

example, while manufacturing studies often examine automation and predictive 

maintenance, service sectors tend to emphasize customer analytics and chatbot 

applications. This disciplinary separation limits the development of unified frameworks 

capable of measuring the cross-sectoral impact of AI-enabled transformation. Recent 

literature calls for integrative reviews that map technological convergence, assess 

readiness levels, and identify policy barriers across industries [17][18]. 

 

Second, it introduces a methodological enhancement to the PRISMA framework, 

incorporating a multi-criteria weighting mechanism to evaluate the relevance of 

research. By synthesizing these insights, the study aims to bridge the gap between 
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academic research and industrial practice, ensuring that AI and DT innovations remain 

aligned with the dynamic needs of industries. Specifically, this research seeks to answer 

two fundamental questions:  

1) How have temporal trends shaped AI and digital transformation research across 

industries?  

2) What are the critical factors influencing the relevance and impact of research in 

this domain?  

 

By addressing these questions, the study provides actionable insights for scholars, 

policymakers, and practitioners, serving as a guide for advancing the integration of AI 

and DT in industrial environments. Ultimately, these findings aim to inform future 

research and help industries prioritize investments in technologies that offer the highest 

potential for impact. The primary objective of this study is to develop a comprehensive 

understanding of how AI and DT converge to drive innovation across various sectors, 

while also identifying underexplored areas and emerging opportunities. The novelty of 

this research lies in its combined use of Systematic Literature Review (SLR) and Multi-

Criteria Analysis (MCA), offering a robust and multi-dimensional framework to evaluate 

research relevance, sectoral readiness, and the practical alignment of academic findings 

with industrial needs. This approach not only bridges existing gaps in the literature but 

also provides a unique lens for exploring the evolving dynamics of AI and DT in Industry 

4.0. 

 

The remainder of this paper is organized as follows. Section 2 explains the PRISMA-based 

search and screening procedure and details the multi-criteria analysis design. Section 3 

presents the results, including temporal trends and sectoral distribution. Section 4 

discusses the findings in relation to the two research questions and highlights 

implications. Section 5 concludes the paper and outlines limitations and future research 

directions. 

 

2. METHODS 

 

Figure 1 illustrates a phased screening procedure designed to identify relevant research 

articles on artificial intelligence, digital transformation, and industry trends. The process 

begins with an initial broad screening stage, where a comprehensive search query 
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reduces the initial pool of 46,936 documents to 27,102 by filtering out irrelevant studies. 

Subsequent stages refine the dataset further by applying specific criteria, such as 

publication year, document type, and relevant keywords. Each phase progressively 

narrows the selection to ensure only high-quality, pertinent literature is retained. The 

final stage involves extracting data from the refined set of articles and performing a 

multi-criteria analysis to evaluate findings and identify key trends in the research 

landscape. This structured, step-by-step approach prioritizes relevance, enabling a 

focused analysis of industry-related research while ensuring meaningful insights and 

trends are systematically captured. 

 
Figure. 1: Phased Screening Framework for Industry Trend Analysis 
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To ensure methodological transparency and reproducibility, the review procedure was 

designed following the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines [19] [20] [21]. The process involved structured search 

strategies, inclusion–exclusion criteria, and multi-stage screening to minimize bias. Such 

rigor, widely adopted in management and information systems research [22] [23] [24], 

allows a comprehensive mapping of the literature while ensuring traceability and 

replicability. Coding of study metadata including research context, methodology, and 

domain was standardized to enable cross-comparative analysis and to enhance 

interpretative validity across industrial sectors. 

 

2.1. Search Strategy  

This study followed a PRISMA-guided systematic literature review procedure to ensure 

transparency and reproducibility. The literature search was conducted in Scopus because 

it provides broad coverage of peer-reviewed journals relevant to Artificial Intelligence 

(AI), Digital Transformation (DT), and industry applications. The search was designed to 

capture studies explicitly addressing AI and DT in industrial/sectoral contexts. The initial 

search returned 46,936 records prior to screening and refinement. 

 

Table 1.  Search strategy summary (Scopus) 

Item Description 

Database Scopus 

Search fields TITLE-ABS-KEY 

Search string (full query) 

TITLE-ABS-KEY ( ( “artificial intelligence” OR “AI” ) AND ( 

“digital transformation” OR “DT” ) AND ( industry OR 

industrial OR sector* ) ) 

Filters 
Year: 2018–2025; Language: English; Document type: 

Journal article 

Additional refinement 
Targeted keyword refinement and publication-stage 

filtering applied during intermediate phases 

Open Access filter Applied during Phase 5 to ensure full-text accessibility 

Final included studies 32 
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2.2. Intermediate Screening 

Screening was conducted in multiple phases to progressively refine the evidence base. 

In the initial phase, a broad keyword search (AI, digital transformation, and industry) 

produced 46,936 records. Subsequent screening phases applied restrictions to focus the 

dataset on recent and relevant peer-reviewed journal literature: publication years 2018–

2025 and English-language journal articles reduced the dataset to 27,102 records.  

Additional refinement using targeted keywords, publication-stage filters, and document-

type constraints reduced the results to 1,970 and then 1,037 records. Open-access filtering 

was applied in Phase 5 to ensure full-text accessibility during detailed eligibility 

assessment, reducing the dataset to 737 records. The final eligibility screening retained 

32 studies for analysis. Inclusion criteria were: (i) explicit discussion of AI in relation to 

DT, (ii) relevance to industry/sector context (application, adoption, governance, or 

organizational transformation), (iii) peer-reviewed journal article, and (iv) publication 

within 2018–2025. Exclusion criteria included: non-English papers, non-journal documents 

(e.g., conference papers, editorials), duplicates, and studies not addressing AI–DT 

convergence in an industrial or sectoral context. 

 
2.3. Open-Access Filtering (Constraint and Limitation) 

Open-access (OA) filtering was used as a practical constraint to ensure the research team 

could access and assess full texts consistently during eligibility screening.  However, this 

constraint may exclude relevant paywalled studies and may bias the included set toward 

OA publication venues. This limitation is revisited in the conclusion. 

 
2.4. Data Analysis and Insight Extraction Stage 

In the final phase of Phase 7, the focus shifted to data analysis and insight generation. 

Selected documents were visualized to create a comprehensive report, while multi-

criteria analysis evaluated the dataset to identify emerging trends in industry research. 

This systematic approach not only ensured methodological rigor but also strengthened 

the ability to identify key areas of innovation, positioning the research to make 

meaningful contributions to academic discourse and practical applications in the field. 

The stepwise methodology reflects an argumentative stance, emphasizing the need for 

systematic refinement to derive actionable insights from a broad dataset. 
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Since the relevance of AI and digital transformation research is multi-dimensional, a 

Multi-Criteria Decision-Making (MCDM) framework was integrated into the analysis stage 

[25] [26] [27]. The Multi-Criteria Analysis (MCA) enables the evaluation of studies based on 

key factors such as academic impact, practical applicability, and industrial readiness. This 

approach, derived from established MCDM techniques including AHP [28], TOPSIS, and 

ELECTRE [29] [30], provides a systematic weighting mechanism that balances these 

dimensions. Through this integration, the study extends traditional bibliometric mapping 

by quantifying research significance across industrial contexts, supporting more nuanced 

and data-driven insights. 

 

To test robustness, sensitivity analyses were conducted using alternative weighting 

configurations and normalization methods [30]. Correlation and concordance checks 

across ranking outcomes confirmed the internal consistency of the MCA results. 

Furthermore, inter-rater reliability during screening was validated through iterative 

cross-checking between evaluators, ensuring consistent classification and minimizing 

subjective bias. The combination of PRISMA-based screening and MCDM-driven 

evaluation strengthens methodological validity, providing a reliable foundation for 

subsequent sectoral and temporal analyses. 

 

For each included study (n=32), metadata and analytic fields were extracted into a 

standardized coding sheet, including: publication year, country/region, research method, 

application context, sector(s), and the study’s reported AI and DT focus. Sector coding 

allowed multi-tag assignment when a study addressed more than one sector. The 

extracted dataset supported descriptive trend analysis and sectoral mapping, followed 

by multi-criteria evaluation of study relevance. 

 

2.5. Multi-Criteria Analysis (MCA) for Study Relevance 

Because AI–DT relevance is multidimensional, a Multi-Criteria Analysis (MCA) was used to 

evaluate the included studies beyond descriptive mapping. This research operationalized 

three criteria aligned with the study objectives: 

1) C1 Academic impact: evidence of scholarly influence (e.g., citation count at the 

time of extraction, journal quality indicators, and/or visibility of the outlet). 

2) C2 Practical relevance: clarity and strength of real-world implications, including 

industry use cases, implementation considerations, or organizational outcomes. 
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3) C3 Sectoral readiness: evidence of deployment maturity/readiness in a sector 

(e.g., readiness frameworks, adoption barriers, governance requirements, or 

demonstrated implementation context). 

 

Scoring rubric (0–2 scale). Each criterion was scored using an ordinal rubric: 

0 = not addressed / no evidence 

1 = mentioned / limited evidence 

2 = substantial and explicit evidence 

 

Weighting technique. To maintain transparency and avoid subjective overfitting, the 

baseline MCA used an equal-weight weighted-sum model (w1=w2=w3=1/3). Sensitivity 

analysis was conducted by testing alternative weighting schemes (e.g., emphasizing 

academic impact or readiness) to examine ranking stability across plausible scenarios. 

MCA aggregation (weighted sum). For study i, the MCA score was computed as shown in 

Equation 1. 

 

MCA! = ∑ 𝑤"#
"$% × 𝑆!"     (1) 

 

where 𝑆!"is the rubric score (0–2) for criterion 𝑘. 

 

Worked example (one-paper calculation). Assume a study receives scores: C1=2, C2=1, 

C3=2. With equal weights (1/3 each), as shown in Equation 2. 

 

MCA= 1

3
(2)+ 1

3
(1)+ 1

3
(2)=1.67    (2) 

 

This score supports comparative prioritization of studies by overall relevance while 

retaining interpretability of each criterion’s contribution. 

 

3. RESULTS AND DISCUSSION 

 

This section synthesizes the findings to explicitly address the two research questions: 

(RQ1) how temporal trends shape AI–DT research across industries, and (RQ2) which 

factors drive the relevance and impact of studies based on the MCA criteria. Evidence is 
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drawn from the 32 included studies and is supported by bibliometric trend visuals and 

sectoral mapping results. 

 

3.1. RQ1: Temporal and thematic trends in AI–DT research 

Across the reviewed evidence, AI–DT research shows a clear acceleration in recent years, 

indicating a growing consolidation of interest in AI-enabled transformation as a strategic 

lever for Industry 4.0/5.0. The temporal pattern suggests that research activity intensifies 

when industries face rapid disruptions and need data-driven automation, predictive 

decision-making, and resilient operations. This trend is reflected in the rise of studies 

focusing on predictive analytics, autonomous systems, and smart manufacturing-

oriented transformation pathways, where AI capabilities increasingly become embedded 

into broader DT initiatives rather than treated as isolated technologies. 

 

Thematically, the literature clusters around (i) operational intelligence (automation, 

prediction, optimization), (ii) digitally integrated service models (platforms, omnichannel 

experiences, AI-assisted interaction), and (iii) governance and readiness concerns (data 

 

\  

  
Figure. 2: Publication Growth Trend Analysis (1970–2025). Source on Scopus 

 



Vol. 8, No. 1, February 2026 

 
 

Soni Adiyono, Muhammad Arifin | 1022 

security, ethics, regulation, and organizational capabilities). Importantly, the trend is not 

uniform across domains: some industries demonstrate mature and repeatedly studied 

use cases, whereas others remain less developed and appear sporadically in the evidence 

base, indicating uneven research maturity and adoption trajectories. 

 

This ranking highlights the pivotal role played by these nations in shaping the global 

research landscape. China's significant lead reflects its robust investment in research and 

development, growing scientific infrastructure, and strategic focus on technological 

advancement. The United States, while trailing China, continues to maintain its position 

as a global research powerhouse, with India and the United Kingdom also showing strong 

contributions. The bottom-right graph refines this analysis, offering a closer look at 

document counts within smaller numerical ranges. This detailed view reaffirms China’s 

dominance while highlighting the contributions of other emerging and established 

nations. The stark disparities in research output across countries point to varying levels 

of investment in science, access to resources, and national policies promoting innovation. 

These insights emphasize the need for collaborative strategies to address global 

challenges, reduce inequities in knowledge production, and support underrepresented 

regions in building their research capacity. By fostering a more inclusive and equitable 

global research ecosystem, nations can ensure a more balanced distribution of scientific 

progress and innovation. 

 

3.2. RQ2: Relevance factors and MCA-based insights 

To address RQ2, relevance is interpreted through the MCA dimensions used in this study 

academic impact, practical relevance, and sectoral readiness. Overall, studies that score 

strongly tend to (a) provide clearly articulated industry implications and implementable 

insights, (b) demonstrate maturity or readiness context (e.g., adoption barriers, 

governance needs, or deployment framing), and (c) show scholarly visibility through 

publication venue quality and/or citation-related indicators. In other words, relevance is 

strongest when research simultaneously links robust academic contribution with 

actionable DT pathways and context-specific readiness. Sectoral mapping further 

indicates where research relevance concentrates. The sectoral percentages were 

computed by counting sector tags across the 32 included studies and normalizing the 

totals to 100%, allowing multi-sector tagging when a study covers more than one domain.  
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This approach highlights domains that repeatedly appear in AI–DT studies as more 

“research-saturated,” while sectors with low representation can be interpreted as 

underexplored opportunities where future work may yield high marginal contribution 

especially if practical need is high but scholarly coverage is limited. 

 

Figure 4 illustrates the results of a bibliometric analysis conducted to examine the 

processes and outcomes of a specific research domain, using VOSviewer software to 

effectively visualize bibliometric data. The analysis is presented in five components, each 

of which offers unique insights into the research landscape. The first component 

highlights the interconnected keyword networks in the study, revealing three main 

clusters: the blue cluster, related to “information”; the red cluster, related to “knowledge”; 

and the green cluster, related to “utilization.” These clusters signify distinct but 

interrelated thematic areas, reflecting the conceptual framework underlying the study. 

The second component provides a detailed view of these relationships, allowing the 

 

  
Figure. 3. Evidence (1970–2025). Source on Scopus 
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researcher to understand the structural relationships between keywords across the 

clusters. Complementing this, the third component reiterates the interconnected nature 

of these keywords, reinforcing the consistency of the clustering patterns. The fourth 

component focuses on the density of this keyword network, emphasizing their 

interconnectedness and relative prominence in the study. Finally, the fifth component 

displays a heatmap representation of keyword frequency, where frequently occurring 

keywords are highlighted in yellow, while less common keywords are shown in blue, 

offering a visual hierarchy of keyword importance. 

 

This comprehensive analysis enables researchers to derive meaningful interpretations of 

the data. For example, it helps in identifying the most relevant and frequently used 

keywords, understanding the interactions between different concepts, and determining 

emerging trends in the field. These insights play a vital role in refining research 

objectives, formulating new hypotheses, and fostering collaboration among researchers 

in related disciplines. Furthermore, the visualization of keyword networks and their 

distributions highlight potential gaps in the literature, providing a strategic basis for 

future research efforts. In conclusion, this bibliometric analysis not only sheds light on 

the thematic and structural aspects of the research but also provides researchers with 

a robust framework to explore under-researched areas, advance knowledge, and enhance 

the impact of collaborative efforts within the research community. 

 

Table 2 shows the multi-criteria evaluation matrix for the 32 included studies. Each row 

represents a document, and each column represents an industry sector (e.g., finance and 

banking, healthcare, education, manufacturing, retail, and others). Binary values (1/0) 

indicate whether a study is relevant (1) or not relevant (0) to a given sector, supporting 

sectoral mapping across the final sample. 
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(a). RIS data extract 27,102 documents 

  
(b): RIS data extract 1,970 documents (c): RIS data extract 1,037 documents 

 
 

(d): RIS data extract 737 documents (e):  RIS data extract 32 documents 

Figure. 4: Mapping Network Visualization and Keyword Frequency Mapping: 

Bibliometric Analysis Stage 4 to Stage 6 
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Table 2.  Mapping of Research Articles to Industry Sectors. 
Articles Trending Industry Research Sector 

[31] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[32] 

Finance and Banking, Health and Healthcare, Education, Transport and Logistics, 

Energy and Environment, Government and Public Sector, Telecommunications, 

Human Resources, Legal Sector, Insurance 

[33] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications. 

[34] 
Health and Healthcare, Manufacturing, Retail and Consumer Goods, Transport and 

Logistics, Agriculture, Government and Public Sector. 

[35] 
Finance and Banking, Health and Healthcare, Education, Energy and Environment, 

Media and Entertainment, Agriculture, Government and Public Sector, Legal Sector. 

[36] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[37] 
Health and Healthcare, Manufacturing, Retail and Consumer Goods, Energy and 

Environment, Agriculture. 

[38] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[39] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[40] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Media and Entertainment, Government and Public Sector, 

Telecommunications, Human Resources, Legal Sector, Insurance 

[41] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Insurance 
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Articles Trending Industry Research Sector 

[42] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[43] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Government and Public Sector, Telecommunications, Real Estate and 

Property Management, Human Resources, Legal Sector, Insurance 

[44] Manufacturing 

[45] Retail and Consumer Goods 

[46] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[47] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[48] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Transport 

and Logistics, Energy and Environment, Media and Entertainment, Agriculture, 

Government and Public Sector, Telecommunications, Real Estate and Property 

Management, Human Resources, Legal Sector. 

[49] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[50] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Government 

and Public Sector, Telecommunications, Human Resources, Legal Sector, Insurance 

[51] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[52] 
Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 



Vol. 8, No. 1, February 2026 

 
 

Soni Adiyono, Muhammad Arifin | 1028 

Articles Trending Industry Research Sector 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[53] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[54] 

Health and Healthcare, Education, Retail and Consumer Goods, Media and 

Entertainment, Government and Public Sector, Telecommunications, Human 

Resources, Insurance 

[55] 
Finance and Banking, Retail and Consumer Goods, Agriculture, Government and 

Public Sector, Insurance 

[56] 

Finance and Banking, Health and Healthcare, Education, Retail and Consumer Goods, 

Transport and Logistics, Media and Entertainment, Government and Public Sector, 

Human Resources, Legal Sector, Insurance 

[57] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Media and Entertainment, Government 

and Public Sector, Telecommunications, Human Resources, Insurance 

[58] Education, Media and Entertainment, Government and Public Sector. 

[59]  Retail and Consumer Goods, Transport and Logistics, Agriculture. 

[60] 

Finance and Banking, Health and Healthcare, Education, Manufacturing, Retail and 

Consumer Goods, Transport and Logistics, Energy and Environment, Media and 

Entertainment, Agriculture, Government and Public Sector, Telecommunications, 

Real Estate and Property Management, Human Resources, Legal Sector, Insurance 

[61] 
Education, Manufacturing, Retail and Consumer Goods, Transport and Logistics, 

Agriculture, Human Resources. 

[62] Education 

 

The evaluation process involved applying multiple criteria across multiple dimensions to 

assess the relevance of each document to a specific industry, with the results 

highlighting areas where AI and digital transformation research has a stronger presence. 

For example, sectors such as Education, Finance, and Healthcare consistently emerged as 

highly relevant across many documents, indicating significant research focus in these 

areas. In contrast, other sectors such as Real Estate and Property Management and Legal 

Sector showed less frequent inclusion, indicating that these areas may be under-explored 
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or have fewer applications of AI and digital transformation in the reviewed research. This 

matrix approach allows for a clearer understanding of where current research in AI and 

digital transformation is focused, providing a framework for identifying research gaps 

and areas that could benefit from further exploration. Furthermore, this evaluation helps 

align future research with sectors that show the greatest potential for AI applications, 

while highlighting industries that require further attention to maximize the impact of 

digital transformation in their operational processes. Comprehensive analysis of these 

documents through Multi-Criteria Analysis (MCA) not only helps identify trends in 

research but also provides valuable insights into the effectiveness and scope of digital 

transformation efforts across sectors, informing future research directions and practical 

applications. 

 

In Figure 5, sectors such as Education, Retail and Consumer Goods, and Government and 

Public Sector stand out as receiving a relatively higher share of research focus, at 8%. 

This highlights the growing importance of addressing digital transformation, changing 

consumer behavior, and government adaptation to technological advancements. On the 

other hand, sectors such as Real Estate and Insurance attract relatively lower attention, 

despite their crucial role in the broader economy. The results may reflect pressing global 

needs (such as digital transformation in Education) and the relative developmental stage 

of each industry in terms of innovation and research. Additionally, it could be argued that 

sectors experiencing significant technological disruption or requiring urgent societal 

change, such as Health and Healthcare or Energy and Environment, are particularly 

important for academic research but may still receive relatively less resources. The 

distribution of research within these industries not only offers a reflection of current 

academic priorities but also guides industry players in understanding the focus areas 

that require further investment and innovation. 

 

Digital transformation in education is increasingly driven by AI-enabled personalized 

learning systems, intelligent tutoring, and data-driven decision-making. Recent research 

highlights that machine learning and natural language processing enhance adaptive 

assessments, while predictive analytics optimize student retention strategies. Moreover, 

AI-driven virtual classrooms and learning management systems improve accessibility and 

inclusiveness, especially in developing regions [63] [64] [65]. The healthcare sector 

demonstrates one of the highest adoption levels of AI and DT technologies. AI supports 
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diagnostic accuracy, clinical decision-making, and operational efficiency, while digital 

transformation enables electronic health records, telemedicine, and predictive patient 

management. Integrating AI with IoT and big data enhances preventive care and patient 

monitoring, ensuring data-driven precision healthcare [66] [67] [68]. AI and DT are 

revolutionizing manufacturing through automation, predictive maintenance, and digital 

twins. Industry 4.0 initiatives increasingly leverage intelligent robotics and smart sensors 

to optimize production, minimize waste, and enhance quality control. Studies emphasize 

that AI-driven manufacturing systems yield measurable performance gains and pave the 

way for human–machine collaboration in Industry 5.0 [69] [70] [71].  

 

In retail, AI-driven digital transformation has redefined customer engagement through 

personalization, recommendation engines, and sentiment analytics. Predictive models 

enhance demand forecasting and inventory management, while chatbots and virtual 

assistants transform customer service. Retailers adopting AI-supported omnichannel 

systems report increased customer satisfaction and operational agility [72] [73] [74]. AI 

and DT have transformed the finance sector through algorithmic trading, fraud detection, 

and digital banking. Machine learning models enable real-time credit scoring, while 

blockchain and digital ledgers enhance transparency and security. Financial institutions 

increasingly deploy robotic process automation and natural language processing for 

efficient client interaction [75] [76] [76]. AI and DT contribute significantly to optimizing 

energy systems and supporting environmental sustainability. Predictive analytics improve 

grid stability, while smart metering and IoT enable efficient energy consumption 

monitoring. AI models for carbon neutrality and renewable energy integration drive the 

green transition across industries [77] [78] [79]. AI-based DT initiatives in government 

improve service delivery, policy planning, and public resource allocation. E-government 

platforms now leverage machine learning and analytics for data-driven governance and 

citizen engagement. However, ethical considerations and data security remain ongoing 

challenges in public sector transformation [80] [81] [82]. AI supports logistics optimization, 

autonomous transport, and intelligent routing. The convergence of AI with DT enables 

smart fleet management and dynamic supply chain reconfiguration. Research confirms 

that AI adoption improves route accuracy, reduces emissions, and enhances supply 

resilience [83] [84] [85]. In agriculture, AI-powered DT applications improve productivity, 

sustainability, and risk management. Smart farming integrates AI with IoT, drones, and 

remote sensing for soil analysis, crop prediction, and pest detection. Studies reveal that 
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AI adoption enhances agricultural decision-making and supports food security [86] [87] 

[88]. AI and DT adoption in legal and property management remain limited but rapidly 

emerging. Smart contracts, predictive case analysis, and AI-based valuation models 

represent growing applications. Integrating AI into digital legal systems enhances 

transparency and accelerates documentation processes [89] [90]. 

 

The findings reveal that AI and digital transformation (DT) collectively underpin the 

evolution of Industry 4.0 and 5.0, driving automation, connectivity, and decision 

intelligence across multiple industries. Education, healthcare, and manufacturing sectors 

exhibit mature adoption, while legal, real estate, and agricultural domains show potential 

for accelerated innovation. These sectoral variations emphasize the heterogeneous 

nature of digital readiness and the need for customized strategies to align AI capabilities 

with contextual industrial requirements [91] [92]. From a policy perspective, effective 

digital transformation requires coordinated frameworks that address governance, data 

protection, and ethics. International agencies, including the European Commission and 

the OECD, emphasize the strategic importance of AI regulation and responsible 

innovation [93] [94]. Similarly, the United Nations and the World Economic Forum highlight 

digital inclusion and cross-border collaboration as prerequisites for equitable AI adoption 

and sustainable digital economies [95] [96]. These initiatives underscore that successful 

transformation extends beyond technological readiness to encompass policy coherence, 

institutional support, and human capital development. Academically, the study advances 

understanding of how multi-criteria analysis (MCA) complements systematic literature 

reviews (SLR) to assess research relevance in emerging technological fields. This 

integrative approach offers a transferable framework that can be replicated across 

domains beyond AI and DT, such as cybersecurity, metaverse adoption, and sustainable 

innovation. Future research may explore hybrid SLR–MCDM designs integrating 

bibliometric indicators with text mining and natural language processing for deeper trend 

identification [97] [98]. 
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Figure. 5 Mapping Research distribution across industrial sectors 

 

Sectoral percentages were computed by counting the number of included studies (n=32) 

assigned to each sector and dividing by the total number of sector assignments. When a 

study covered multiple sectors, each sector tag was counted once, and the totals were 

normalized to 100%. Practically, the findings highlight the importance of collaboration 

between academia, industry, and government to bridge gaps between theory and practice 

[99]. Encouraging knowledge exchange, public–private partnerships, and inclusive digital 

policies will foster resilient and adaptive ecosystems capable of thriving in the era of 

intelligent automation. AI and DT integration thus represent not only technological 

innovation but also a transformative paradigm for achieving long-term economic and 

social sustainability [100] [101]. 
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Figure. 6 Percentage share of research across industrial sectors 

 

The analysis of trending industry research sectors reveals a broad and growing interest 

in AI and digital transformation across various industries, with Education, Retail and 

Consumer Goods, and the Government and Public Sector leading at 8% each. These 

sectors demonstrate a substantial focus on leveraging digital technologies to improve 

accessibility, consumer engagement, and the delivery of public services. The Finance and 

Banking, Health and Healthcare, and Telecommunications sectors, each representing 7% 

of the research, emphasize the role of AI in enhancing service efficiency, operational 

security, and communication infrastructure. However, sectors such as Real Estate and 

Property Management and the Legal Sector, contributing 5% and 6% respectively, 

indicate an underexplored potential for AI integration. This presents opportunities for 

future research to delve deeper into how these traditionally less-digitized sectors can 

benefit from digital transformation, possibly through advanced AI applications that 

streamline processes and enhance service delivery. Looking forward, future research 

must focus on expanding the scope of AI and digital transformation across all sectors, 

including those with less research attention, such as legal services and real estate 

management. Researchers should aim to explore more innovative applications that can 

bridge the technological gap and offer new solutions tailored to the specific challenges 

faced by these industries. Additionally, research can explore cross-industry collaborations 

that can foster knowledge exchange and accelerate digital adoption. 
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The methodology applied in this study, using bibliometric analysis provides significant 

advantages in terms of visualizing complex networks of keywords and tracking trends 

over time. This approach allows researchers to identify emerging areas of interest and 

the evolution of research themes, offering insights that might otherwise be difficult to 

discern from traditional methods. The integration of keyword clustering and heat 

mapping enhances the precision of identifying which concepts and technologies are most 

prevalent, allowing for a more targeted exploration of research gaps and opportunities 

for future studies. Furthermore, the systematic mapping approach ensures that the 

research findings are grounded in data-driven analysis, making the conclusions more 

reliable and actionable for both academic and industry stakeholders. In summary, the 

increasing focus on sectors such as education, healthcare, and government in AI and 

digital transformation research signals a positive trajectory, but there is ample room for 

further exploration in other industries. The methodology used in this study, with its ability 

to map trends and identify clusters, offers a robust framework for future research that 

can guide the development of targeted, impactful digital solutions across all sectors. 

 

4. CONCLUSION 

 

This study mapped how research on artificial intelligence and digital transformation has 

evolved across industrial sectors and highlighted where evidence is most concentrated. 

The temporal analysis indicates a strong rise in AI–DT publications in recent years, 

reflecting accelerated interest in data-driven automation, intelligent decision support, 

and Industry 4.0/5.0 agendas. Sectoral mapping shows that education, healthcare, 

manufacturing, retail, and public services receive the most attention, while legal and real-

estate contexts remain comparatively underexplored. Using a multi-criteria analysis, the 

review further shows that research relevance is not driven by academic contribution 

alone, but also by practical applicability and sectoral readiness. This implies that future 

studies should report clearer implementation context, readiness indicators, and 

measurable organizational impact to strengthen alignment between scholarly output and 

industry needs. Limitations include the reliance on a single database and the application 

of open-access screening, which may exclude relevant paywalled studies. Future research 

can extend the dataset using additional databases and enrich the analysis by combining 

bibliometric mapping with text-mining or topic-modeling methods. 
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