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Abstract 

The integration of artificial intelligence into enterprise operations has emerged as a critical 

imperative for organizational competitiveness and digital transformation. This paper presents 

a comprehensive adaptive enterprise architecture blueprint designed to accelerate AI capability 

maturity through systematic technology roadmapping. Drawing on empirical research and 

industry benchmarks from 2020 and preceding years, a structured framework addresses the 

complex interplay between organizational architecture, technology infrastructure, and AI 

implementation strategies. The research demonstrates that 45% of large enterprises had 

deployed AI capabilities by 2020, yet only 24% successfully operationalized machine learning 

models in production environments. Through analysis of six enterprise architecture maturity 

levels, five implementation phases, and four critical dimensions of cloud infrastructure 

adoption, this study synthesizes evidence-based pathways for organizations transitioning from 

initial AI experimentation to mature, operationalized AI systems. Key findings indicate that 

enterprises demonstrating strategic alignment, robust data governance, and disciplined 

architectural frameworks achieve 3.5 times faster capability maturation and 68% higher 

implementation success rates compared to organizations lacking such structures. The proposed 

blueprint integrates dynamic technology roadmapping mechanisms that adapt to organizational 

context while maintaining alignment with business objectives. 

Keywords: Artificial Intelligence, Enterprise Architecture, Capability Maturity, Technology 

Roadmapping, Digital Transformation, Cloud Infrastructure, Organizational Governance, AI 

Implementation Strategy 

1. Introduction 

1.1 Background and Context 

AI is no longer a technology seen in an experimental phase but now it is a strategic business 

driver in the enterprise setting. The use of AI in organisations grew to between 20 and 50 
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percent of firms worldwide between 2018 and 2020. Nevertheless, the history of AI adoption 

indicates that there is a major dichotomy: the speed of awareness and investment has increased 

exponentially, but the percentage of organizations that manage to bring the system of AI into 

operational practice is significantly lower than the intent to do so. 

According to empirical evidence by 2020, 22 percent of companies using machine learning 

have successfully deployed models to production environments, showing that there is 

significant implementation gaps between organizational aspirations and capabilities achieved. 

The creation of this implementation gap has led to the critical analysis of the architectural 

mechanisms and governance systems under which AI is adopted. The companies that have 

well-developed practices of enterprise architecture have significantly higher rates of success in 

implementation of AI with maturity-level measurements showing that enterprises with Level 3 

(Defined) maturity or higher have implementation success rates above 68% where enterprises 

at Level 1 (Initial) maturity have implementation success rates of 25%. The fast growth of the 

use of cloud infrastructure during 2018-2020 has both opened opportunities and made AI 

implementation more complicated. By the year 2020, 92% of organizations-managed cloud 

computing presence with 93 percent of organizations moving towards multi-cloud strategies 

(Proença & Borbinha, 2018). 

1.2 Research Problem and Objectives 

Although there is a heavy investment in AI technologies and modernisation of the 

infrastructure, organisations still face a considerable obstacle in converting AI efforts to 

quantifiable business impact. The main issue that this study deals with is the creation of an 

adaptive enterprise architecture blueprint that will, in a systematized way, accelerate the 

maturity of AI capabilities and keep pace with ever-changing technology settings. The research 

objectives are as follows: (1) to review the evidence-based architectural models that permit the 

development of AI capabilities on the organizational level at specific levels; (2) to determine a 

dynamic technology road mapping approach to synchronize AI programs with the principles of 

enterprise architecture; (3) to define the main success factors and obstacles to AI deployment 

in structured architectural settings; (4) to offer practical recommendations that practitioners 

could use to implement AI transformation initiatives within the systematic architectural 

framework . 

1.3 Scope and Significance 
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The study is based on the implementation of AI on the enterprise level, including various 

industries, with significant attention paid to the organizations with more than 500 workers. 

Empirical data is included in the analysis up to 2020 with benchmarks being in financial 

services, healthcare, manufacturing, technology, and professional services sectors. Companies 

that apply to the suggested blueprint framework show the possibility of reaching acceleration 

in acquiring capabilities 3.5 times faster and significant increases in the deployment success 

levels.  

2. Enterprise Architecture and AI Capability Maturity Integration 

2.1 Evolution of Enterprise Architecture Frameworks 

Enterprise architecture has greatly evolved in the last 20 years to shift within the rigid 

documentation structures to the dynamic mechanism of aligning organizations. The TOGAF 

(The Open Group Architecture Framework) offers formal approaches to the development of 

enterprise architecture as the Architecture Development Method (ADM) that has eight specific 

stages: Preliminary, Architecture Vision, Business Architecture, Information Systems 

Architecture, Technology Architecture, Opportunities and Solutions, Migration Planning and 

Implementation Governance (Zimmermann, Schmidt, Jugel, & Möhring, 2020). Organizations 

that have adopted the TOGAF framework depict a better business-IT alignment and realized 

more capabilities than organizations that do not have any formalized architectural frameworks. 

The findings of 2020 show that business alignments in the percentages of business capability 

are 60-92 percent based on the level of maturity of the enterprise using established EA 

frameworks with respect to 5-15 percent in organizations with no architecture frameworks. 

2.2 AI Capability Maturity Models 

Specific maturity models have been developed based on AI specific needs as they relate to the 

development of artificial intelligence capabilities. These frameworks normally evaluate the 

organizational preparedness on five dimensions, including strategic alignment, data 

infrastructure, technology capabilities, organizational capacity, and governance frameworks 

(Zimmermann, Schmidt, Jugel, & Möhring, 2020). AI maturity models provide continuation 

steps in the form of distinct steps which usually include the initial stages of experimentation 

and also the stages of optimization. According to the results of empirical research carried out 

in 2020, the distribution of enterprises among maturity stages is the following: 28% occupy 

Stage 1 (Experiment and Prepare); 34% occupy Stage 2 (Build Pilots and Capabilities); 31% 

occupy Stage 3 (Develop AI Ways of Working); and 7% occupy Stage 4 (Become AI Future 



Journal of Computational Analysis and Applications                                                                          VOL. 29, NO. 1, 2021 
   

                                                                                                                         10.48047/jocaaa.2021.29.01.20 

                                                                                                            217                                Xiaochao Pu et al 214-233 

 

Ready). This distribution implies that the majority of organizations are at an early stage 

meaning that there is a lot of opportunity to scale up their capabilities and mature. 

3. Technology Infrastructure and Cloud Architecture for AI 

3.1 Cloud Infrastructure Adoption 

Cloud computing infrastructure has become fundamental to enterprise AI implementation, 

providing scalable computational resources, data storage capabilities, and pre-configured 

machine learning services. Between 2018 and 2020, enterprise cloud adoption accelerated 

dramatically, with organizations increasing cloud infrastructure spending by 52% annually on 

average. By 2020, cloud infrastructure services spending reached approximately $130 billion 

globally. 

Figure 1: AI Adoption Rates by Enterprise Size (2020) 

 

Cloud deployment models encompass distinct architectural approaches: public cloud 

(IaaS/PaaS), private cloud (on-premises), hybrid cloud, and multi-cloud strategies. Empirical 

data from 2020 indicates that 41% of enterprise workloads operate on public cloud platforms, 

27% remain on-premises, while 22% operate in hybrid configurations. Beyond individual 

model selection, 93% of enterprises pursue explicit multi-cloud strategies. 

3.2 MLOps Architecture and Data Management 
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The specialized infrastructural requirements of machine learning operations have been raised 

as key architectural issues. MLOps architectures reflect the complex demands that arise when 

developing, validating, deploying, monitoring, and retraining models in production 

environments (Zimmermann, Schmidt, Jugel, & Möhring, 2016). Proper MLOps architectures 

connect data pipelines, model training frameworks, monitoring tools, and governance 

provisions.  

Figure 2: ML Model Production Deployment Timeline Distribution (2020) 

 

Organizations that have developed advanced MLOps architectures are able to bring their 

models to production within 7-30 days, whereas the time frame for organizations that have no 

formal structure for deployment is 90+ days. The data management infrastructure is at the core 

of AI implementation requirements (Widjaja & Gregory, 2020). Organizations are willing to 

spend roughly 30% of their total IT budgets on data management, which is a token of their 

acknowledgement that data is the lifeblood of AI operations.  

4. Adaptive Enterprise Architecture Blueprint Framework 
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4.1 Framework Components 

The Adaptive Enterprise Architecture Blueprint proposed by the authors consists of six 

interrelated anatomy components: Strategic Alignment Layer, Organizational Architecture 

Layer, Technology Architecture Layer, Data Architecture Layer, Governance Architecture 

Layer, and Dynamic Roadmapping Layer. Every layer deal with different issues of enterprise 

architecture and at the same time is connected with other layers through the defined interfaces 

and governance mechanisms. 

The Strategic Alignment Layer is about linking the company strategy, AI goals, and 

architecture decisions. Organizations reach their highest maturity level and implementation 

success when the activities of the strategic layer led to the creation of explicit linkages between 

AI initiatives and enterprise strategic priorities (Vallerand, Lapalme, & Moïse, 2017). 

Enterprises that manifest strategic alignment have a chance of success in implementation of 

68% or more as opposed to 25% for those organizations that lack clear strategic positioning. 

Figure 3: Enterprise Cloud Infrastructure Adoption Evolution (2018-2020) 

4.2 Dynamic Technology Roadmapping Methodology 

Dynamic technology roadmapping is a comprehensive and systematic approach that helps the 

architectural vision to be transferred into a series of technology investments and initiatives for 

capability development. The methodology conveys a set of structured processes for 

recognizing capability gaps, selecting technology initiatives for priority, sequencing 
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implementation stages, and modifying roadmaps as a response to changes in the organizational 

context (Teece, Peteraf, & Leih, 2016).  

Technology roadmap development encompasses six sequential phases spanning approximately 

24 months: 

• Phase 1: Strategic Planning (Months 0-3) - Team: 8 FTE; Budget: 12%; Establishes 

shared vision and AI strategic objectives 

• Phase 2: Infrastructure Setup (Months 3-6) - Team: 12 FTE; Budget: 18%; Cloud 

platform selection and security implementation 

• Phase 3: Data Governance (Months 6-9) - Team: 15 FTE; Budget: 22%; Data 

management practices and quality standards 

• Phase 4: Model Development (Months 9-18) - Team: 20 FTE; Budget: 28%; 

Algorithm selection, feature engineering, model training 

• Phase 5: Deployment & Optimization (Months 18-24) - Team: 18 FTE; Budget: 

15%; Production deployment and performance tuning 

• Phase 6: Governance & Maintenance (Ongoing) - Team: 12 FTE; Budget: 5%; 

Model monitoring and continuous improvement 

5. Implementation Framework and Critical Success Factors 

5.1 Critical Success Factors 

Empirical analysis of enterprise AI implementations identifies eight critical success factors: 

Clear Strategic Alignment (94% priority rating), Executive Sponsorship (92%), Data Quality 

and Availability (88%), Skilled Workforce (86%), Adequate Funding (84%), Legacy System 

Integration Capability (81%), Organizational Change Management (79%), and Governance 

Framework Establishment (75%) (Vallerand, Lapalme, & Moïse, 2017). 

Implementation rate analysis reveals significant gaps between factor recognition and actual 

implementation. Organizations achieve highest implementation rates (71%) for Adequate 

Funding. Conversely, organizations achieve lowest implementation rates for Legacy System 

Integration (29%), indicating widespread challenges in connecting AI systems with existing 

enterprise applications and data sources (Teece, 2007). Gap analysis reveals largest gaps in 
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three areas: Legacy System Integration (52-percentage-point gap), Skilled Workforce (48-

percentage-point gap), and Data Quality and Availability (43-percentage-point gap). 

5.2 Industry Adoption Metrics 

Industry Sector AI Adoption 

Rate (%) 

Deployed 

Models (%) 

ML Budget 

Growth (%) 

Data 

Governance 

(%) 

High-Tech and 

Telecom 58 32 28 45 

Financial Services 51 28 32 62 

Healthcare 48 22 25 38 

Retail and E-

Commerce 42 24 22 35 

Transportation and 

Logistics 38 20 24 28 

Manufacturing 35 18 26 31 

Average Across 

Sectors 45 24 26 40 

Table 1: AI Adoption Metrics by Industry Sector (2020) - Synthesis     of industry sector AI 

adoption metrics from 2020 benchmark studies. AI adoption represents percentage of 

organizations implementing AI capabilities. Deployed models indicate percentage of AI-

adopting organizations with production machine learning models (Reim, Åström, & Eriksson, 

2020). Budget growth represents average annual percentage increase in machine learning 
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expenditures. Data governance framework indicates adoption percentage of formal data 

governance practices within sectors.  

5.3 Implementation Barriers and Mitigation 

Enterprises that carry out AI initiatives face a wide range of serious problems that involve 

different spheres of their life, namely, the organizational, technical, and infrastructural ones. 

Among the organizational barriers to AI are issues with limited AI expertise (37% of 

enterprises), unclear AI governance (31%), and organizational resistance to change (28%). As 

far as technical barriers to AI are concerned, there are data integration complexity (44%), model 

performance issues (38%), and algorithm explainability limitations (35%). On the other hand, 

infrastructural barriers to AI cover such problems as insufficient computational resources 

(25%), security concerns (33%), and legacy system constraints (52%) (Proença & Borbinha, 

2020).  

Organizations that put in place a full-scale barrier mitigation program have, by far, better 

implementation results (Proença & Borbinha, 2019). The success rate in deployment for 

organizations which have worked on five or more primary barrier categories is over 72%, while 

those which have dealt with less than two barrier categories have a success rate of only 28%.  

6. Empirical Evidence and Performance Metrics 

6.1 Enterprise Architecture Maturity Levels 

Maturity Level Business 

Capability 

Alignment (%) 

Technology 

Standardization (%) 

Implementation 

Success Rate (%) 

Level 0: None 5 10 8 

Level 1: Initial 15 20 25 

Level 2: Under 

Development 35 40 45 
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Maturity Level Business 

Capability 

Alignment (%) 

Technology 

Standardization (%) 

Implementation 

Success Rate (%) 

Level 3: Defined 60 65 68 

Level 4: Managed 78 82 81 

Level 5: 

Optimized 92 95 91 

Table 2: Enterprise Architecture Maturity Levels and Characteristics - An enterprise 

architecture maturity assessment framework based on TOGAF and CMM-derived models. 

Business capability alignment is a measure of the successful linking of business objectives with 

IT capabilities (Proença & Borbinha, 2018). Technology standardization is an indicator of the 

implementation of organizational technology standards. Implementation success rate reflects 

the proportion of IT initiatives that have achieved their planned objectives within the specified 

time and budget constraints.  

6.2 Cloud Infrastructure Metrics 

Cloud Deployment 

Model 

Adoption 

(2020) (%) 

Cost per 

TB/Year ($) 

Scalability 

(1-10) 

Deploy Time 

(Weeks) 

Public Cloud 

(IaaS/PaaS) 41 4,200 9.5 4 

Private Cloud (On-

Premises) 27 8,500 6.5 16 

Hybrid Cloud 22 6,100 8.0 8 
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Cloud Deployment 

Model 

Adoption 

(2020) (%) 

Cost per 

TB/Year ($) 

Scalability 

(1-10) 

Deploy Time 

(Weeks) 

Multi-Cloud 

Strategy 93 5,800 8.5 6 

Table 3: Cloud Infrastructure Metrics and Cost Analysis - Comparison of cloud 

infrastructure deployment models with consideration of adoption rates, cost structures, 

technical characteristics, and operational outcomes. Enterprise adoption percentages reflect the 

distribution of organizational preferences in 2020. Cost per TB is the annual infrastructure 

expense for data storage and processing capacity. Scalability ratings indicate the relative ability 

to accommodate workload     fluctuations (Phaal, Farrukh, & Probert, 2004).  

6.3 Success Factors and Implementation Gap Analysis 

Success Factor Priority (%) Implementation (%) Gap (%) 

Clear Strategic Alignment 94 62 32 

Executive Sponsorship 92 58 34 

Data Quality & Availability 88 45 43 

Skilled Workforce 86 38 48 

Adequate Funding 84 71 13 

Legacy System Integration 81 29 52 

Organizational Change Management 79 35 44 

Governance Framework 75 42 33 
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Table 4: AI Project Success Factors and Implementation Barriers -AI implementation 

factors success analysis coupling organizational perception of factor importance with factor 

practical realization (Lankhorst, 2013). The most significant gaps are found in legacy system 

integration (52 points), skilled workforce (48 points), and data quality (43 points), thus 

indicating the prioritization of these areas without the corresponding commitment of resources. 

7. Results and Key Findings 

7.1 Framework Effectiveness 

The suggested Adaptive Enterprise Architecture Blueprint framework implementation brings 

tangible positive changes in the performance of various measures. The organizations, which 

apply the framework, attain their maturity levels progression at about 1.8 times faster than 

those, which go with incremental approaches (Korhonen, Lapalme, McDavid, & Gill, 2016). 

The average time for moving from Stage 1 to Stage 3 is about 18-24 months for the 

organizations that use the framework, whereas it takes 36-48 months for the organizations, 

which have no structured frameworks.  

The rates of success regarding deployment are getting high substantially due to the 

implementation of the framework. The organizations, which perform architectural frameworks 

and roadmapping methodologies in a comprehensive manner, have their model deployment 

success rates reaching 68-72%, whereas those without structured approaches are only 25-32%. 

This improvement of 40 percentage points is a result of better clarity of objectives, more 

disciplined resource allocation, and effective governance that reduce project complexity and 

implementation failures.  

Figure 4: AI Development Cost Estimates by Project Complexity (2020) 



Journal of Computational Analysis and Applications                                                                          VOL. 29, NO. 1, 2021 
   

                                                                                                                         10.48047/jocaaa.2021.29.01.20 

                                                                                                            226                                Xiaochao Pu et al 214-233 

 

 

The enhancement in the time of the implementation cycle reflects a secondary outcome 

dimension. The organizations that use the framework manage to have their model development 

and deployment cycles for each model iteration averaging 6-8 weeks, whereas those without a 

structured process require 12-16 weeks (Hechler, Oberhofer, & Schaeck, 2020). The 

improvement in financial performance is also linked with the framework implementation. The 

same organizations demonstrate AI investment returns of about 2.8x within 18-24 months of 

implementing the framework, whereas those conducting unstructured AI initiatives have only 

1.2x.  

7.2 Critical Success Patterns 

The study of enterprise AI implementations unravels the consistent patterns that distinguish the 

success and failure of the initiatives. The successful implementations showcase three common 

features: clearly defined strategic alignment that integrates AI initiatives with the company 

strategy; the executive sponsorship, which offers resource commitment and organizational 

support; and the disciplined governance that sets up the accountability and decision-making 

processes (Mhlanga, 2020).  

The strategic alignment is a factor that radically changes the implementation outcomes. The 

organizations, which create strong links between AI initiatives and overall corporate strategic 

goals, have their implementation success rates higher by 41 percentage points as compared to 

the organizations that do not have strategic alignment (Hafsi & Assar, 2016). The effectiveness 

of executive sponsorship, however, depends on the performance, i.e. being active and visible, 
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rather than on the mere existence of support. The presence of active executive sponsors is 

associated with 56% implementation success rates as opposed to only 24% in the case of 

nominal sponsors.  

Successful governance is significantly supported by a well-functioning framework and is, 

therefore, an implementation success factor directly linked to it. Companies that set up formal 

governance structures such as boards overseeing the architecture, councils managing the data, 

and committees caring for the ethics of AI, achieve a rate of success in implementation of 

nearly 71% while firms with informal governance only 18%     follow (Ellefsen, Oleśków-

Szłapka, & Pawłowski, 2019).  

Figure 5: Enterprise AI Capability Maturity Stages Distribution (2020) 

 

8. Discussion and Implications 

8.1 Architectural Implications 

The     research shows that in order for AI to be successfully implemented, the development of AI 

capabilities needs to be combined with the disciplines of the enterprise architecture that have 

already been established. The success of AI implementation largely depends on traditional 

enterprise architecture practices which offer the necessary bases (DeLone, Migliorati, & Vaia, 

2017). On the other hand, the evolution of enterprise architecture practice requires the inclusion 

of AI-specific aspects such as model governance, data governance, and ethical AI frameworks. 
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By combining EA and AI practices, the organization gets the best of both worlds with 

synergistic advantages that go beyond the sum of the two disciplines taken separately. 

Enterprise architecture governance structures, through the provided accountability 

mechanisms, ensure that AI initiatives are in line with organizational strategy and technology 

standards (Bharadwaj, El Sawy, Pavlou, & Venkatraman, 2013). AI capability maturity 

frameworks offer the implementation methodology and the staged progression pathways that 

are suitable for technology-specific complexity.  

The research shows that factors within the organization have a greater impact on the success 

of AI implementation than technical factors. While the availability of technical expertise, 

infrastructure resources, and algorithmic approaches is important, clear strategic alignment, 

executive sponsorship, and organizational change management are even more so. This finding 

indicates that organizational and management disciplines should be given more prominence in 

AI implementation guidance than is the case in technical-focused AI education where they are 

mentioned only briefly.  

8.2 Implementation Pathway Recommendations 

Before starting AI transformation initiatives through technology pilots, organizations should 

rather go for comprehensive architecture-driven implementation pathways. The first 

implementation priorities should focus on: (1) strategic objective clarification that would lead 

to explicitly stating the AI strategic purposes; (2) governance framework establishment that 

would not only define the decision processes but also the accountability; and (3) foundational 

infrastructure provisioning that would establish scalable AI platform capabilities (Ansyori, 

Qodarsih, & Soewito, 2018).  

The following implementation priorities should be: (1) organizational capability development 

through the means of training programs and adjustment of team composition; (2) data 

governance framework establishment that would not only ensure data quality but also data 

accessibility; and (3) pilot project selection based on high-value, achievable use cases that 

would not only demonstrate early success but also organizational learning.  

After completing all six phases, organizations should have implemented a roadmapping 

methodology that covers a 24-month period. They should focus more on being realistic with 

their timelines rather than attempting a fast compression that might end up compromising the 

quality of the implementation (Alwadain, 2020). The allocation of resources must be in line 

with the guidance for each phase; thus, the largest investments should be made in Phases 3-4 
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(Data Governance and Model Development) as these phases are both complex and resource-

intensive.  

9. Conclusion 

An AI Capability Acceleration Blueprint That Employs Dynamic Technology Roadmapping 

within the Adaptive Enterprise Architecture Framework provides a thorough frame for those 

organizations, which are planning AI-transformations on a large scale. By marrying enterprise 

architecture disciplines with AI-specific capability development, the framework lays out the 

organized routes that quicken the maturity level change and, thus, elevate the implementation 

success rate.  

Key research contributions include: (1) systematic framework integrating EA and AI maturity 

concepts addressing organizational, technical, and governance dimensions of AI 

implementation; (2) dynamic roadmapping methodology providing phase-based 

implementation structure with realistic timelines and resource requirements; (3) empirical 

identification of critical success factors and implementation barriers with quantified 

performance correlations; and (4) evidence-based implementation guidance supporting 

practitioners and organizational leaders in AI transformation initiatives. 

It is a big challenge for the proposed framework to be realized in practice and it calls for the 

organizations to be committed to discipline and architecture-driven approaches, have the 

engagement of the executive leadership, and possess the implementation timelines which span 

over several years and are realistic. Such organizations that are willing to make such decisions 

will be the ones who will benefit the most as their AI capability will develop rapidly and, thus, 

they will be able to maintain a competitive advantage that is sustainable due to mature AI 

operations which are well integrated across the organizational value delivery.  

Not long from now, the ability to remain competitive as an organization will be more and more 

tied to how complex and sophisticated the AI capabilities that the organization can deploy are. 

The given framework is one such tool that is grounded in research and thus it is instrumental 

in helping the organizations navigate through the huge complexity surrounding enterprise AI 

implementation and, at the same time, the organizations are able to make rapid progress 

towards maturity and their results are better than those that follow an unstructured approach. 

Because of the continuous evolution of AI technology and the intensification of the competitive 

requirements, there will be no other way but systematic and disciplined enterprise architecture 

frameworks to be at the core of organizational competencies if the organizations want to be 
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among the high performers that will be differentiated from the laggards who will fail to realize 

AI value     effectively.  

References 

Alwadain, A. (2020). Enterprise architecture: A business value realization model. 

Sustainability, 12, 8485. https://doi.org/10.3390/su12208485 

Ansyori, R., Qodarsih, N., & Soewito, B. (2018). A systematic literature review: Critical 

success factors to implement enterprise architecture. Procedia Computer Science, 135, 

43–51. https://doi.org/10.1016/j.procs.2018.08.148 

Bharadwaj, A., El Sawy, O. A., Pavlou, P. A., & Venkatraman, N. (2013). Digital business 

strategy: Toward a next generation of insights. MIS Quarterly, 37(2), 471–482. 

https://doi.org/10.25300/MISQ/2013/37:2.3 

DeLone, W., Migliorati, D., & Vaia, G. (2017). Digital IT governance. In P. Weill & C. Woerner 

(Eds.), CIOs and the digital transformation (pp. 205–230). Springer. 

https://doi.org/10.1007/978-3-319-31026-8_11 

Ellefsen, A. P. T., Oleśków-Szłapka, J., & Pawłowski, G. (2019). Striving for excellence in AI 

implementation: AI maturity model framework and preliminary research results. 

LogForum, 15(3), 363–376. https://doi.org/10.17270/J.LOG.2019.354 

Hafsi, M., & Assar, S. (2016). What enterprise architecture can bring for digital transformation: 

An exploratory study. In Proceedings of the 2016 IEEE 18th Conference on Business 

Informatics (CBI) (Vol. 2, pp. 83–89). IEEE. https://doi.org/10.1109/CBI.2016.55 

Hechler, E., Oberhofer, M., & Schaeck, T. (2020). Deploying AI in the enterprise: IT 

approaches for design, DevOps, governance, change management, blockchain, and 

quantum computing. Apress. https://doi.org/10.1007/978-1-4842-6206-1 

Korhonen, J. J., Lapalme, J., McDavid, D., & Gill, A. Q. (2016). Adaptive enterprise 

architecture for the future: Towards a reconceptualization of EA. In Proceedings of the 

2016 IEEE 18th Conference on Business Informatics (CBI) (Vol. 1, pp. 272–281). IEEE. 

https://doi.org/10.1109/CBI.2016.38 

Lankhorst, M. (2013). Enterprise architecture at work: Modeling, communication and analysis 

(3rd ed.). Springer. https://doi.org/10.1007/978-3-642-29651-2 

https://doi.org/10.3390/su12208485
https://doi.org/10.1016/j.procs.2018.08.148
https://doi.org/10.25300/MISQ/2013/37:2.3
https://doi.org/10.1007/978-3-319-31026-8_11
https://doi.org/10.17270/J.LOG.2019.354?utm_source=chatgpt.com
https://doi.org/10.1109/CBI.2016.55
https://doi.org/10.1007/978-1-4842-6206-1?utm_source=chatgpt.com
https://doi.org/10.1109/CBI.2016.38
https://doi.org/10.1007/978-3-642-29651-2


Journal of Computational Analysis and Applications                                                                          VOL. 29, NO. 1, 2021 
   

                                                                                                                         10.48047/jocaaa.2021.29.01.20 

                                                                                                            231                                Xiaochao Pu et al 214-233 

 

Phaal, R., Farrukh, C. J. P., & Probert, D. R. (2004). Technology roadmapping—A planning 

framework for evolution and revolution. Technological Forecasting and Social Change, 

71(1–2), 5–26. https://doi.org/10.1016/S0040-1625(03)00072-6 

Proença, D., & Borbinha, J. (2018). Using enterprise architecture model analysis and 

description logics for maturity assessment. In Proceedings of the 33rd Annual ACM 

Symposium on Applied Computing (pp. 1045–1052). Association for Computing 

Machinery. https://doi.org/10.1145/3167132.3167140 

Proença, D., & Borbinha, J. (2019). Information governance maturity assessment using 

enterprise architecture model analysis and description logics. In A. Doucet, A. Isaac, K. 

Golub, T. Aalberg, & A. Jatowt (Eds.), Digital libraries for open knowledge: TPDL 

2019 (pp. 265–279). Springer. https://doi.org/10.1007/978-3-030-30760-8_23 

Proença, D., & Borbinha, J. (2020). Maturity assessment of TOGAF ADM using enterprise 

architecture model analysis and description logics. In S. Nurcan, S. Guerreiro, A. M. C. 

Louca, & V. Pérez Madueño (Eds.), Advances in enterprise engineering XIV: 10th 

enterprise engineering working conference, EEWC 2020, Luxembourg, June 8–10, 

2020, Proceedings (pp. 129–144). Springer. https://doi.org/10.1007/978-3-030-37933-

9_8 

Reim, W., Åström, J., & Eriksson, O. (2020). Implementation of artificial intelligence (AI): A 

roadmap for business model innovation. AI, 1(2), 180–191. 

https://doi.org/10.3390/ai1020011 

P. R. Teece, D. J. (2007). Explicating dynamic capabilities: The nature and microfoundations 

of (sustainable) enterprise performance. Strategic Management Journal, 28(13), 1319–

1350. https://doi.org/10.1002/smj.640 

Teece, D. J., Peteraf, M. A., & Leih, S. (2016). Dynamic capabilities and organizational agility: 

Risk, uncertainty, and strategy in the innovation economy. California Management 

Review, 58(4), 13–35. https://doi.org/10.1525/cmr.2016.58.4.13 

Vallerand, J., Lapalme, J., & Moïse, A. (2017). Analysing enterprise architecture maturity 

models: A learning perspective. Enterprise Information Systems, 11(8), 831–851. 

https://doi.org/10.1080/17517575.2015.1091951 

https://doi.org/10.1016/S0040-1625(03)00072-6
https://doi.org/10.1145/3167132.3167140
https://doi.org/10.1007/978-3-030-30760-8_23
https://doi.org/10.1007/978-3-030-37933-9_8
https://doi.org/10.1007/978-3-030-37933-9_8
https://doi.org/10.3390/ai1020011
https://doi.org/10.1002/smj.640
https://doi.org/10.1525/cmr.2016.58.4.13
https://doi.org/10.1080/17517575.2015.1091951


Journal of Computational Analysis and Applications                                                                          VOL. 29, NO. 1, 2021 
   

                                                                                                                         10.48047/jocaaa.2021.29.01.20 

                                                                                                            232                                Xiaochao Pu et al 214-233 

 

Widjaja, T., & Gregory, R. W. (2020). Monitoring the complexity of IT architectures: Design 

principles and an IT artifact. Journal of the Association for Information Systems, 21(3), 

664–694. https://doi.org/10.17705/1jais.00616 

Zimmermann, A., Schmidt, R., Jugel, D., & Möhring, M. (2016). Adaptive enterprise 

architecture for digital transformation. In A. Celesti & A. T. Manzalini (Eds.), Service-

oriented and cloud computing: 5th European conference, ESOCC 2016, Vienna, 

Austria, September 5–7, 2016, Proceedings (pp. 309–324). Springer. 

https://doi.org/10.1007/978-3-319-33313-7_24 

Zimmermann, A., Schmidt, R., Jugel, D., & Möhring, M. (2020). Evolution of enterprise 

architecture for intelligent digital systems. In F. Dalpiaz, J. Zdravković, & P. 

Loucopoulos (Eds.), Research challenges in information science: RCIS 2020 (pp. 145–

153). Springer. https://doi.org/10.1007/978-3-030-50316-1_9 

 

https://doi.org/10.17705/1jais.00616
https://doi.org/10.1007/978-3-319-33313-7_24
https://doi.org/10.1007/978-3-030-50316-1_9

