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Abstract

:

For organizations, the development of new business models and competitive advantages through the integration of artificial intelligence (AI) in business and IT strategies holds considerable promise. The majority of businesses are finding it difficult to take advantage of the opportunities for value creation while other pioneers are successfully utilizing AI. On the basis of the research methodology of Webster and Watson (2020), 139 peer-reviewed articles were discussed. According to the literature, the performance advantages, success criteria, and difficulties of adopting AI have been emphasized in prior research. The results of this review revealed the open issues and topics that call for further research/examination in order to develop AI capabilities and integrate them into business/IT strategies in order to enhance various business value streams. Organizations will only succeed in the digital transformation alignment of the present era by precisely adopting and implementing these new, cutting-edge technologies. Despite the revolutionary potential advantages that AI capabilities may promote, the resource orchestration, along with governance in this dynamic environment, is still complex enough and in the early stages of research regarding the strategic implementation of AI in organizations, which is the issue this review aims to address and, as a result, assist present and future organizations effectively enhance various business value outcomes.
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1. Introduction


It has become apparent that both socio-technical and political-economic changes, along with demographic changes, have swiftly accelerated during the COVID-19 pandemic. Modern businesses have had to hone their adaptive capabilities to manage changing market dynamics and client behavior under these challenging circumstances. Rapid organization evolution is made possible by adaptive capabilities, which also act as a basis for organizational change and digital transformation [1,2], but still lack strategic guidelines in order to keep up with the exponential pace of modern technology [3]. Existing businesses use cutting-edge technologies to improve and adapt their operations. Artificial intelligence, also known as the next wave of analytics, is one of those technologies [4,5].



The phrase “artificial intelligence” refers to a wide range of leading-edge analytics, applications, and logic-based methods that imitate human behavior, decision-making, and processes including learning and problem-solving [6,7]. However, as part of the digital transformation, AI technologies give businesses several chances to transform their operations across numerous sectors [8]. Examples include applying AI-driven decision-making to loan, credit, or sales forecasts [9,10]. Additionally, AI can provide significant benefits by automating formerly manual procedures [11] and enabling enhanced processes where humans and AI collaborate in a positive way [12].



Senior executives view analytics and AI as crucial game changers enabling businesses to survive the present crisis, according to a recent Gartner report [13]. Despite the excitement surrounding AI’s promise, presently, there is a substantial scholarly discussion about the adoption obstacles and the skills and abilities required for useful AI results from a strategic point of view [14,15]. AI can benefit businesses significantly, but in order to implement AI and enable a high effect that does not undo all the expenditure and effort, organizations must define a compelling common vision when a substantial shift is necessary [16,17,18]. Additionally, businesses must use several distinctive technologies such as AI to build adaptive transformation and sense-and-respond capabilities that will spur innovation, enhance customer service and experience, and promote improved performance [5,19,20,21,22,23].



Information systems (IS) and business research from academic and professional institutions indicate that artificial intelligence is gaining traction in the market [24,25,26,27,28]. Since the 1950s, when the idea of artificial intelligence first surfaced, research on the subject has been advancing steadily. However, over the past 10 to 15 years, there has been a significant acceleration in the development and practical use of AI due to the growing availability of huge data, improved computational processing power, and novel AI approaches, learning algorithms, and applications [29].



AI has a growing impact on a variety of societal spheres, including marketing, healthcare, and human rights. It could be detrimental to let the creation of AI applications progress without any oversight [30,31]. As a result, it is critical to support a reliable AI that complies with legal requirements and upholds moral standards (from a technical and social perspective). Because AI should be viewed as a dynamic computational frontier, governance should therefore go beyond just the content and also encompass its analysis [25]. To address issues such as the lack of alignment between business users and analytics practitioners, governance mechanisms for analytics are also required in addition to IT and data governance [32].



Although other scholars are also of the same mind, many organizations are still experimenting with AI (e.g., using first pilots), and only a few organizations embed AI as part of the everyday working routines across the organization [24,33]. Nevertheless, organizations have invested heavily in AI and underlying machine learning algorithms to enhance business operations and support decision-making [34]. As mentioned previously, technology such as AI not only presents new opportunities and advantages for businesses but also new difficulties [31,35]. AI solutions are being implemented and used by businesses in an effort to automate processes, boost productivity, cut costs, and gain a competitive edge over rivals [36,37,38]. A crucial element in accomplishing these objectives is AI governance. AI governance “may be characterized as a collection of tools, methods, and levers that influence AI development and applications,” claim Butcher and Beridze [39]. However, there is still an opportunity for research on how to implement AI governance within a company and how AI governance helps a company achieve its objectives.



We are aware, thanks to the IS literature, that organizations develop distinctive, difficult-to-copy capabilities by integrating and using a variety of complementary firm-level resources [14,40,41]. Building on this body of research, this study views AI technology as one such resource that, while necessary for the development of an AI capability, is not sufficient in and of itself [14]. This essentially indicates that while AI approaches are readily available on the market and susceptible to replication, they are unlikely to generate significant competitive advantages on their own. Additionally, the data needed to power these methods by itself will not be enough to develop distinct AI capabilities [13]. Early reports from industry leaders in AI adoption show that organizations need a special mix of physical, human, and organizational resources to establish an AI capability that can really add value by distinguishing it from competitors [14,42]. There is little comprehensive theoretical and empirically proven knowledge regarding how to profoundly develop and use AI capabilities [43,44].



According to van de Wetering et al. [13], adaptive transformation capability is defined as a firm’s ability to recognize and seize new market and technological opportunities and develop organizational capabilities concomitantly with the adoption of new strategic directions [3,42,45]. This acumen can also be thought of as the dynamic ability to deploy organizational resources and competencies to accomplish the intended outcome [46] and drive the organization’s future entrepreneurial activities and business value potential [47]. However, little is now known about the ambidextrous use of AI, how enterprises can utilize it habitually and creatively, how this supports dynamic capabilities, and particularly how they work together to generate value [48]. While more firms are using AI today to improve and adapt organizational operations, there is a lack of theoretically grounded or empirically validated data to help organizations with their strategic orientation [42,45]. As a result, this paper’s main goal is to draw attention to key aspects of how artificial intelligence capabilities contribute to different perspectives on the business value realized through the alignment of business and IT strategies during the digital transformation in order to address this research problem in the aforementioned connection. In total, 139 sources were examined after being analyzed through the lens of the Webster and Watson methodology [49]. Companies all around the world are struggling to incorporate AI since it is continually changing and requires particular consideration of all of its different value dimensions. It is crucial to keep track of the most recent findings on the improved business value outcomes produced by the deployment of AI in the various modes of digital transformation as AI progresses from ordinary algorithms to revolutionary super intelligence and beyond.



This study is about the integration of AI with business and IT strategies in the context of digital transformation. The research found that organizations commonly undergo a digital transition driven by technological developments and regulatory changes and that the integration of AI capabilities with business and IT strategies is crucial for achieving improved business value outcomes and enabling digital transformation alignment. The study also highlighted the importance of a dual strategic focus on innovative and routine AI deployment, as well as the need for responsible AI governance and the use of AI to support adaptive transformation. The study’s findings contribute to our understanding of how organizations can optimize their use of AI to promote strategic flexibility and benefit realization.



The structure of the current work is as follows: The methodology used to conduct the literature review is described in Section 2. The results that emerged through the assessment of the articles are discussed in Section 3. The last section concludes by encouraging the scientific community to further investigate the problems and connections identified in this conceptual model by summarizing the research’s findings, stating its implications, and outlining its limitations.




2. Methodology and Data


Our research was conducted following the guidelines of Webster and Watson’s [49] systematic literature review. This is a procedure that consists of three phases: (1) In order to identify databases and keywords, a survey of the most recent literature was conducted. (2) Following this, a thorough backward search was performed to look into citations, and a forward search was performed to look for citations of the selected publications. (3) At the conclusion of the procedure, potential study opportunities were identified, and all of the articles were categorized by concept in accordance with their individual contents.



2.1. Prior Literature Reviews


Since the number of studies on AI has been growing dramatically over the years, it is not surprising that systematic literature reviews [1,7,26,27,50,51,52,53,54] and bibliometric analysis [55,56,57] are widely used as review methods in the management sector. Remarkably, the studies cover a broad range of topics, indicating that AI, in the organizational setting, is being applied in different areas for different purposes. To the best of our knowledge, no recent literature review has specifically discussed the integration of AI capabilities with Business/IT strategies in order to promote enhanced business value outcomes. Rather, these reviews have investigated the phenomenon by investigating a wide range of factors that can affect this relationship. All of these reviews are presented below (Table 1).



To begin with, Kitsios and Kamariotou [1] offered a study agenda on the use of AI and ML in organizational planning and decision-making procedures. Future research needs were identified, and a theoretical model was created to discuss the four sources of value creation, including AI and machine learning in organizations; the alignment of AI tools and information technology (IT) with organizational strategy; AI, knowledge management, and the decision-making process; and AI, service innovation, and value. By completing context, journal, and concept-based analyses using preferences for the AI technique, areas of application, and sector preferences perspectives, the study of Çebeci [50] analyzed the current status and orientation of AI studies in the MIS literature and presented it in detail.



The paper by Enholm et al. [51] offers a systematic literature review that makes an effort to clarify how organizations can use AI technologies in their operations and elucidate the value-generating mechanisms. It synthesizes the existing literature and highlights (1) the major enablers and inhibitors of AI adoption and use; (2) the typologies of AI use in the organizational setting; and (3) the first- and second-order effects of AI. The report also presents the gaps in the literature and creates a research agenda that suggests areas that should be studied in more detail in the future. The framework developed by Keding [27] illustrates the structure of the research field by grouping pertinent articles into two research scopes: Condition-oriented research, which investigates antecedents for leveraging the use of AI in strategic management, and outcome-oriented research, which examines the effects of AI in strategic management at both the individual and organizational levels. In order to create a research agenda, Zuiderwijk et al. [52] conducted a thorough evaluation of the body of literature on the implications of using AI in public governance. They classified the possible advantages of AI application in government into nine categories using their qualitative analysis: (1) Benefits for efficiency and performance, (2) benefits for risk identification and monitoring, (3) economic benefits, (4) benefits for data and information processing, (5) benefits for services, (6) benefits for society as a whole, (7) benefits for decision-making, (8) benefits for engagement and interaction, and (9) benefits for sustainability. The following eight categories were used to identify issues associated with the application of AI in government: (1) Data challenges, (2) organizational and managerial challenges, (3) skills challenges, (4) interpretation challenges, (5) ethical and legitimacy challenges, (6) political, legal, and policy challenges, (7) social and societal challenges, and (8) economic challenges. A literature review was conducted by Borges et al. [26] to examine the relationship between AI and corporate strategy.



According to this perspective, this article aimed to fill this gap by conducting a thorough literature review focused on the integration of AI with business strategy, combining the existing approaches with models, highlighting the anticipated advantages, difficulties, and opportunities, and launching a discussion about potential new research directions. Trunk et al. [7] conducted a literature study to examine how AI and corporate decision-making interact in dynamic situations. In order to provide a summary of the prospects of existing studies in linking AI with business decision-making in dynamic environments, the authors searched for peer-reviewed publications and performed a content analysis. Insight was provided in a theoretical framework that first outlines how humans might use AI for decision-making in dynamic situations before outlining the challenges, prerequisites, and implications that need to be taken into account. Grover and colleagues [53] investigated the viability of using AI within an organization based on six factors, including job fit, complexity, long-term effects, affect towards use, social factors, and facilitating conditions for various elements of operations management, by mining the collective knowledge of experts on Twitter and through the academic literature. A systematic review of the literature in peer-reviewed scientific journal articles was conducted by Caner and Bhatti [54] in order to present a theoretical model for examining the AI organizational strategy. They deduced that the key elements of AI in organizations are its capabilities and limitations, financial matters and AI, organizational functions and AI, workforce, industries and AI, and laws and ethics of AI in identifying AI corporate strategy.



To investigate the AI controversy within organizational and managerial studies, Smacchia and Za [55] undertook a computational literature survey in their work. They also identified which publications and research fields this argument has evolved in over time via impact and content analyses. Di Vaio et al. [56] explored the body of literature on the application of artificial intelligence to the development of sustainable business models, offered a quantitative overview of the body of research in the area, and discussed the connections between AI, the exponential growth of machine learning, and sustainable development. Lastly, according to Dhamija and Bag’s [57] cluster analysis results on the key topics for current and future researchers in the field of artificial intelligence, six clusters emerged: (1) Artificial intelligence and optimization, (2) engineering/research and automation, (3) operational performance and machine learning, (4) sustainable supply chains and sustainable development, (5) technology adoption and green supply chain management, and (6) internet.




2.2. Article Selection


The papers were found in the Scopus, Science Direct, and Web of Science databases using a combination of the phrases Artificial Intelligence (AI), AI capability, business strategy, IT strategy, business value, and digital transformation in the title, keyword, and abstract sections of the search query. Each article was published in a journal that had undergone peer review or in conference proceedings. There were no limits with regard to the year of publishing.



The search for the aforementioned keywords resulted in the collection of a total of 1738 articles. Following the application of language, source, and category restrictions, there were a total of 942 articles remaining. After reviewing the contents of the remaining articles, we decided not to include 547 articles because of their titles, 164 articles because of their abstracts, and 109 articles because of their actual content. After that, 6 duplicate articles were eliminated, bringing the total number of articles down to 116. In addition to these, 12 articles were added as a result of the forward search, and 11 articles were added as a result of the backward search. This resulted in 139 articles being available for examination (Figure 1).



The search was finished when repeating articles for different keyword combinations were found. The necessary number of articles had been acquired to match prior studies. The major findings and contributions for each paper, along with the illustrative components, were compiled on an Excel data extraction sheet, which was then used to evaluate the final sample.



The novelty of this research lies in its focus on the integration of AI with business and IT strategies as a key enabler of digital transformation alignment, which improves a variety of organizational business value outcomes. The study conducted a systematic literature review using a particular technique that has been widely utilized in the past to investigate information systems strategy and subjects related to digital transformation. This research also examined the specific difficulties, solutions, levers, and streams in the context of responsible AI governance and the use of its ambidexterity in the development of AI capabilities.



The research was developed with a scientific focus to present a more detailed picture of how AI affects organizations and demonstrate the critical role AI capabilities play in enabling the integration of digital transformation alignment, ultimately generating a competitive advantage. The study also revealed the enablers and drivers for pursuing AI’s increased business value and emphasizes the need for organizations to have a dual strategic focus on innovative and routine AI deployment for its synergistic impact on the strategic flexibility of the organization.



Additionally, this research contributes to our understanding of the ways organizations must optimize their AI resources to promote strategic flexibility and benefit realization at the strategic level of the organization and contributes to the current body of knowledge on shaping and developing dynamic capabilities. Furthermore, the research suggests that by establishing digital skills that are challenging to compete with, businesses can traverse challenging and shifting business environments. Additionally, the research refutes the notion that AI is frequently monolithic and unable to adjust to changing surroundings and highlights the importance of using AI to support an adaptive transformation instead of impeding it. Finally, the research draws attention to the importance of good AI governance and its direct impact on an organization’s results.




2.3. Classification Framework


A classification framework was applied to the investigation of one hundred and sixty-nine articles. All of the articles were organized into two overarching concepts as follows: 1. Artificial intelligence capabilities and 2. the integration of AI and business/IT strategy for enhanced business value. By providing additional knowledge in this domain and providing a better understanding of the strategic function of AI, these notions will aid present and future academics and researchers in growing the related research body. These papers are presented in Table A1 (Appendix A).





3. Results


3.1. Artificial Intelligence Capabilities in Organizations


3.1.1. AI Ambidexterity


Thinking, understanding, interpretation, learning, judging, and inference are some of the numerous skills that make up intelligence. People are able to perform tasks such as learning from experience, creating answers to various and unknowable challenges they confront, and reacting as quickly as possible to a new scenario because of their intelligence [50]. The heart of AI methodologies consists of these actions. Artificial intelligence refers to a broad range of methodologies that can generate solutions with comparable designs to solve issues and attempt to replicate the intelligence of people or other living things in the computer environment. The success of these methods in solving problems that are NP (nondeterministic polynomial)-Hard, or extremely difficult to solve with conventional methods, is their greatest advantage in business and personal life.



Significant scientific progress has been made in the field of AI over the past ten years, which is defined as “a system’s ability to properly interpret external data, to learn from that data and to use this knowledge learned to accomplish specific objectives and tasks through flexible adaptation” [58]. Algorithms are already becoming able to digitally perform operations that effectively and productively imitate human learning, profound judgment, and decision-making across a wide range of application domains, driven by a rise in data generation and computation power [9,59]. Examples of such business applications include product design, the gathering of limited external knowledge, talent recruitment and screening, and internal business operation optimization [60,61]. The taxonomy of artificial intelligence techniques, however, is not generally agreed upon. The majority of AI techniques are grouped under the headings Fuzzy Logic (FL), Artificial Neural Networks (ANN), Expert Systems (ES), and AI-supported Meta-heuristics (MH) approaches in Figure 2, which also presents the different types and applications of AI [27,50].



As a result of these advancements, management academics are becoming increasingly intrigued by AI’s potential to assist or change firms [62]. However, while the use of AI algorithms is currently the subject of extensive research in a variety of functional areas, such as human resource management, marketing, information systems, economics [63], finance, operations management, and manufacturing, much less focus has been placed on comprehending how the advent of AI alters the nature of strategizing—that is, the activities of those involved in the strategy process [64,65,66].



According to the ambidexterity theory, an organization’s strategic flexibility will result from placing an equal strategic focus on routine and innovative uses of AI [17,19,67]. The phrase “routine usage of AI” describes how an organization uses AI on a regular basis. As a result, this is seen as an exploitation and standardization posture that aims to enhance, expand, and promote incremental innovation in AI across a range of products and services a firm provides [19,20]. The routinized use of AI often entails standardizing working practices and operations using resources already at the disposal of the business (such as AI tools, frameworks, algorithms, and approaches) [68]. On the other hand, creative, emergent, and inventive use of AI in workers’ job processes is referred to as innovative application [69,70]. This perspective on AI application therefore stresses finding novel and creative methods to integrate AI into work processes [69], by offering wholly new or significantly improved client services. Additionally, the innovative application of AI is a catalyst for investigating and identifying new fields in which AI tools, applications, and uses can be implemented in business procedures [71]. This is accomplished, for instance, by starting a number of pilot programs and cutting-edge initiatives with AI at their core, learning from the outcomes, and then pushing the boundaries of organizational transformation [72].



AI ambidexterity, or the simultaneous adaptation of these two AI modes, enables businesses to sense their environment by examining real-time and large volumes of data, identifying and collecting customer needs and trends, discovering patterns, and extracting valuable data for decision-making processes [9,61,73]. According to [13], the ambidextrous use of AI in businesses will shape the organization’s dynamic capabilities as AI is used to address business problems, find innovative solutions, contribute to the success of business operations integration, and speed up change within the business [23,74]. Additionally, ambidexterity has been conceived in terms of temporal separation, which proposes that organizations should switch between periods of time that promote routine and standardization and times that prioritize creativity and exploration [75]. Last but not least, structurally divided ambidexterity relates to a dual organizational structure with entities (together with related systems, talents, and cultures) focusing on exploration and exploitation [21].



It is not an easy procedure to capture the value from both opposing modes of operation, i.e., routine vs. innovative application of AI, as they require different organizational routines, capabilities, and routines. Instead, it is suggested in the literature that big data and AI should be used as crucial organizational resources to enhance organizations’ dynamic capacities and enable them to utilize their full strategic potential [13,76]. Additionally, it is important to involve stakeholders to ensure their full engagement, and all employees must be committed to the new improvement projects and the organization-wide alignment with the strategic direction [77]. In order to achieve outstanding and long-lasting economic benefits and strong adaptive capacities, organizations must align “innovation” with “routine” at the same time [31,63,78].




3.1.2. AI Capability Conceptualization


The effects of AI on managers and businesses have just recently become particularly interesting research-wise [66,79,80]. Some initial studies have been conducted on AI-driven business models [81], AI-related organizational decision-making [9,60,61], and how businesses may promote AI trust [82]. The practice-oriented management literature frequently outlines procedures and actions supervisors can take to implement AI in their organizations [6,10,42]. There is broad agreement that the effects of AI encompass fundamentally new modes of corporate operation and expansion in addition to incremental process improvements. However, there is a shortage of research on how AI can be used to gain new skills and switch to business models that are powered by AI [10].



Indeed, surveys have found that the biggest obstacle to the application of AI is a lack of AI capabilities [6]. Although most academics concur that AI capabilities are relevant, the respective literature does not give a clear definition of what AI capabilities are. For instance, several capabilities that are pertinent to the goal of integrating AI into a firm are mentioned in the managerial guidelines of Brock and Von Wangenheim [6]. These academics, however, take a rather broad stance, claiming that, in addition to data science and technological talents, the integration of AI calls for strategic competences. As a result, these publications’ depth of insight is restricted, especially considering that illustrating these skills was not their only, or even primary, goal. Researchers and practitioners are still unclear about the capabilities and underlying processes that are necessary in order for businesses to be able to fully utilize AI [33,83,84]. Profiting from a digital capability such as artificial intelligence “is not so much a technology challenge as it is a challenge to harness knowledge to create the organizational knowing to continually optimize the value that can be derived from digital technologies” [59].



As AI is a novel technology, a greater number of research studies are being undertaken to determine the value that AI or its capabilities can bring to businesses. The main factors that influence the adoption of machine learning and top management support are uncovered by Reis et al. in [85]. Based on the mini-case studies of service provider websites, Wamba-Taguimdje et al. [16] investigated the connection between AI resources and business value. Alsheibani et al. [86] examined the issues surrounding the production of AI economic value by thoroughly reviewing real-world AI use cases and the body of prior research. They identified six AI-related organizational obstacles, including the business case for AI, the relative advantages of AI, top management support, efficient data utilization, AI talent, and AI compatibility. For the purpose of identifying the mechanisms generating AI business value, Enholm et al. [51] summarized the existing literature and provided a narrative review. They identified a number of AI use cases, facilitators, and barriers, as well as the effects of AI, particularly on competitive performance. As shown in prior studies, the introduction of AI technologies in itself is insufficient to increase organizational performance in a constantly evolving digital society, but their complementary interaction with knowledge exchange does.



Additionally, the idea of an AI capacity has been put forward in earlier research to broaden the perspective on AI from just focusing on technical resources to also include all relevant organizational resources that are crucial for realizing the full strategic potential of AI [42,45,50]. According to research on AI capabilities, businesses need to have a few key resources in order to develop a capability that would allow them to adopt AI and reap performance advantages [14,16,74]. Organizations can incorporate AI-specific resources, such as AI algorithms, training data, etc., thanks to AI capabilities, which enable value generation. Sjödin et al. [87] analyzed case studies to examine how manufacturing companies create AI capabilities and discovered three key sets of capabilities: The data pipeline, algorithm development, and AI democratization. Through a thorough survey study, Mikalef and Gupta [14] came to the conclusion that by nurturing AI capabilities connected to human talents, tangible resources, and intangible resources, businesses could improve organizational innovation and performance. The survey’s list of AI resources driving AI capabilities was structured to investigate any extra or other significant aspects. Through exploratory interviews with professionals from business, consulting, and academia, Weber et al. [88] identified four organizational skills for AI implementation: AI project planning, the co-development of AI systems, data management, and AI model lifecycle management.



There is a paucity of knowledge regarding how AI resources or AI capabilities enable organizational business value, despite the existing literature discussing the construct of AI capability and the correlation between AI and business value [70]. As a result, in order to clarify the role of AI resources—the combination of AI assets and AI capabilities—in the development of business value and delve deeper into the topic of AI capabilities, an exploratory research study that adopts an interpretative approach is required. Despite the large potential that AI technologies hold, Brynjolfsson et al. [6] highlight that we are dealing with a modern productivity paradox. According to the authors, one of the main reasons AI has yet to deliver expected outcomes is due to implementation and restructuring lags. Organizations, therefore, need to invest in complementary resources to be able to leverage their AI investments. Understanding what complementary resources need to be developed and implementing them is imperative in the quest of realizing performance gains from AI. In other words, it is time to examine how organizations build an AI capability.



As previously indicated, the study by Mikalef and Gupta [14] seeks to investigate the resources needed to develop an AI capability by drawing on the resource-based theory (RBT) of the organization. The RBT is a suitable theoretical lens for dynamic and turbulent contexts, especially where resource complementarity is encouraged, and organizations create unique competencies around their respective resources. According to Melville et al. [89], the RBT enables researchers to create empirically testable hypotheses, the evaluation of which will increase our knowledge of the importance of various IT resources and how they impact organizational performance [43,90]. The RBT, according to Wade and Hulland [91], offers a solid framework for assessing the strategic value of information system resources. The fact that the RBT is a widely recognized theory in other business disciplines, such as operations management and marketing supply chain management [92,93,94], among others, demonstrates the RBT’s value in describing organizational-level events. As a result, Mikalef and Gupta [14] used current studies on AI in the organizational environment and previous work on IT competence to build the idea of an AI capability.



The many sorts of resources needed for the growth of organizational capabilities that drive performance have been outlined in a number of studies [95]. One of the most popular classifications is that offered by Grant [14], who distinguishes between tangible (such as material and financial resources), human abilities (expertise and skills of employees), and intangible (knowledge and skills of customers) (e.g., synergy, coordination, and strategic orientation). The IS literature makes considerable use of this division of resources into materials, human skills, and intangible resources [24,96]. To effectively leverage their investments and produce economic value, firms must create a special set of resources, as is the case with any new technology, including AI.



The studies mentioned so far, as well as a number of other academic papers and business reports, illustrate the diversity of resources that businesses must develop in order to realize a return on their investments in AI. However, theoretically valid research on how businesses might develop AI capabilities is lacking [14]. This is a critical gap for both research and practice since it may point to the main areas that businesses should concentrate on when implementing AI projects and give them a basis for estimating the potential business value and different generation mechanisms. Building on the theoretical foundations of the RBT [93,94] and empirical work implementing the RBT in the IS domain [91,97], as well as on recent studies that highlight the challenges related to AI adoption and value generation [5,33,98], Figure 3 presents the classification and the key types of resources in every category.



In more detail, data, technology, and basic resources are examples of tangible resources, which are defined as those that may be traded or purchased on the open market [93]. For instance, there are various categories of tangible resources, such as financial assets and physical assets such as debt and equity. As tangible resources are largely accessible to all businesses on the market, they are unlikely to offer a distinct competitive edge. However, while tangible resources are required, they are insufficient on their own to build capacities. Regarding the second group, an organization’s human capital is frequently evaluated by evaluating the knowledge, skills, experience, leadership traits, vision, communication and collaboration skills, and problem-solving prowess of its staff. Technical and business skills have been highlighted as crucial human resource pillars in previous studies on digital capabilities [93,97]. This study argues that technical and business capabilities specific to AI are two crucial elements of a company’s human AI resources. In relation to the third category, insecure and unstable marketplaces place a greater emphasis on intangible resources since those are harder for rival companies to reproduce [14]. Intangible resources are far more elusive and challenging to locate within organizations than the other two types of resources. Nevertheless, despite being challenging to quantify, they fall under the category of resources that satisfy the RBT’s VRIN (Valuable, Rare, Imperfectly Imitable, Non-Substitutable) classification [99,100]. As a result of their extreme heterogeneity and singularity, resources cannot be compared across firms. Because they are created through a special synthesis of organizational history, people, processes, and conditions that define organizations, intangible resources are heterogeneous and non-replicable. A lengthy history of empirical IS research [89] and early publications on the factors that influence AI success [5,33] emphasize the significance of intangible resources in gaining business advantages from accepted technology. Interdepartmental cooperation, organizational change capability, and risk proclivity are some of the resources that have been identified for AI [14]. Since managers and practitioners can create specific benchmark criteria and gauge their readiness in each of the dimensions, the RBT and the identification of key resources in the building of a capability are also significant perspectives for practice [101]. They can then identify possible flaws that can be resolved with focused efforts.




3.1.3. AI Resources Orchestration


Resource orchestration is a comprehensive method for organizing a company’s resources, grouping the current resources to produce new capabilities, and utilizing them with the aim of enhancing both business and customer value [102]. Structuring, aggregating, and leveraging are the three primary components, and as presented previously in Figure 3, each component includes three subprocesses. Since the environment causes uncertainty, which could lead to instability for an organization and undermine its competitive edge over competitors, it has an impact on the linkages between resources that must be addressed seriously [103].



The way a company structures its resource portfolio affects the tangible and intangible resources it has, which determines the potential value it may create at any specific time. Data, technology infrastructure, and people skills and expertise, as well as other intangible resources such as a culture of learning and initiative, are examples of such resources as aforementioned [81]. This procedure is crucial because it gives businesses the resources they need to develop new capabilities. This means that, in the context of AI, the types of AI-based capabilities that a company can develop (such as developing NLP tools, intelligent assistants, and forecasting) strongly depend on the data, infrastructure, competences, and other relevant resources that are widely obtainable [14].



Acquiring in the context of artificial intelligence might mean either employing staff with in-depth expertise in AI systems or purchasing the necessary technological infrastructure, such as clusters with extremely high computation power [103]. This activity is essential for businesses that need to continuously develop and enhance their AI skills, especially if they are unable to outsource operations. Although expensive, an acquisition decision could strain the company’s budgetary management in an environment of high uncertainty [104]. Managers must use the new resources wisely by developing a new range of responses based on market prospects [105]. For instance, investing in an expensive dataset to supplement already-existing data sources could prove to be a dangerous move because the results might not be as anticipated.



The creation of internal resources is what accumulation is all about. When businesses lack the necessary resources and are unable to adapt to changing market conditions, accumulation becomes important [105]. If not, it will be very challenging to fill the gap in time and produce gains when new opportunities arise or the environment is uncertain, such as when high-value employees leave the company [102]. As an example, the knowledge of developing AI systems or managing AI projects should be accumulated in an adequate number of employees increasing their tacit knowledge. As a result, business expertise, development information, and general know-how that exiting personnel had are not included in the company’s tacit knowledge, which could lead to gaps in producing the knowledge required for future development [43]. Compared to acquiring them from the factor market, being able to collect all pertinent data internally should be given priority in such efforts.



Releasing firm-controlled resources is referred to as divesting. Resources are few in businesses, therefore it is critical to free them up for other work. In order to develop AI capabilities, it is crucial to divest outdated systems and infrastructure, such as code written in less-preferred machine learning languages such as Python or R or computer clusters with insufficient processing capability [10]. Additionally, keeping vast amounts of low-value data, typically data used for forecasting or constructing models, simply complicates things for technical staff and uses up storage space [13,76]. It is crucial to meticulously account for each resource that is divested though, as it can be challenging to re-purchase or accumulate those resources in highly unpredictable circumstances. This applies to personnel with specific knowledge and skills and data and technology resources.



Combining resources to produce capabilities is the process of bundling resources. The mere possession of a resource does not confer an advantage. This refers to knowing the areas of application on which AI initiatives can be focused in the context of its utilization. Three subprocesses make up the bundling process: Stabilizing, enriching, and pioneering.



Tiny enhancements to current capabilities are provided through stabilizing. However, it helps to create value by enabling the company to hold onto its competitive edge over time. In the case of AI deployment, this could entail teaching machine learning to software developers or instructing analysts on how to make use of an interactive interface with the AI [15]. However, stabilizing may not be a good option in highly unpredictable environments because drastic and urgent adjustments may be required [104].



Enriching is about spreading an existing capability. This can be achieved through expanding resources, developing new skills, or forming new partnerships with businesses that have access to the necessary resources. Companies that use AI applications need data that other businesses have access to or even people with extensive understanding of tackling AI-specific problems in order to develop their AI models [7]. Alliances can offer essential skills for attaining competitive advantage without incurring significant risks, which is advantageous for both parties [106]. However, other businesses might use the same tactics, thus the competitive advantage might only be momentary and fleeting.



Pioneering is the process of integrating brand-new materials that have been obtained from the market and engaging in exploratory learning. This could entail the bisociation process, which involves combining information that is dissimilar and unrelated [4]. This may imply using data sources that are vastly different from those owned or controlled by the company when it comes to AI applications, or it could entail hiring employees with distinctive and completely different skill sets [10]. Being able to offer value propositions that outperform rivals in ambiguous environments contributes to a competitive advantage. In order to create such value propositions, pioneering is an essential process.



Leveraging entails mobilizing, coordinating, and deploying procedures to increase customer value and provide profit for the organization [107,108]. A typical organizational ideation process for AI capabilities starts with mobilizing capabilities, where the digital business strategy is defined, and ends with deploying, which completes the process.



The goal of mobilizing is to determine all the capabilities needed by a company to gain a competitive edge. When the business environment is highly unclear, this is not a simple process. Businesses interested in AI technologies should determine what internal gaps they need to address and what external opportunities they need to seize [74,109]. This means that carefully evaluating which opportunities in the surroundings they are geared towards is essential before beginning to develop AI applications. This puts pressure on top-level managers to be able to strategically anticipate advancements and gain the technical expertise to be able to conceive ways in which AI technology might be applied creatively to address urgent concerns [3,45]. However, mobilizing calls for ongoing changes to the business’s processes, which can be difficult to maintain over time.



Integrating mobilized assets to produce capability configurations is the process of coordination. High-level managers are crucial because they have to coordinate the individual skills and knowledge of their teams, enabling quick, effective, and seamless integrations [9,86]. This means that in the context of AI deployments, any developed AI capabilities must be successfully coordinated and integrated with other organizational capabilities in order to implement the leveraging strategy effectively and create value [102]. For example, creating AI pipelines to make the effective processing of data and models possible requires a great deal of work. This means that in order to integrate an AI capability among others that will enable the firm to generate value, there must be open lines of communication and collaboration across various organizational units [14]. Here, managers play a crucial role because it is up to them to use their network of connections to combine various competencies into arrangements that add value.



The process of deploying requires actively assisting the leverage strategy [110]. Deploying requires integrating a machine learning model into a current production system so that business decisions can be based on data, such as a resource advantage, market opportunity, or entrepreneurial strategy [107,111]. Supporting a chosen leveraging strategy involves actually using capability configurations. Choosing an AI-oriented strategy and deploying solutions in accordance with it will result in diverse outcomes depending on the environmental setting in which such capability configurations are deployed in the context of AI deployments [84,112]. Because of this, there are many different ways that AI may be used within an organization, and the AI capability that a company manages to create can be coordinated and used alongside other capabilities to pursue digital business strategy [59].



Although it is predicted that the AI-specific technology needed to support projects will evolve extremely quickly, it is equally crucial to concentrate on other organizational resources that must be fostered in addition to the technology. The development of firm-specific, difficult-to-replicate AI capabilities requires these complementing organizational resources [14]. As a result, an organization’s capacity for AI might be defined as its capacity to choose, coordinate, and utilize its AI-specific resources. The study conducted by Ransbotham et al. [5] provides an exemplative illustration of the complementing organizational resources needed to gain business value through AI investments. While Davenport and Ronanki [33] point out that managers in more than a third of the studied firms do not grasp AI technologies and how they work, the previous authors remark that one of the most significant impediments to generating value is the absence of leadership to promote AI. As mentioned before, the significance of such supplementary resources has been stressed in a number of practice-based research. For example, Fountaine et al. [113] stress the value of encouraging inter-departmental collaboration and creating cross-functional teams with a variety of viewpoints and expertise. Organizations may make sure that AI projects take into account overall organizational priorities and not just specific business concerns by bringing analytics professionals together with business and operational personnel [102]. Additionally, by doing so, the applications for artificial intelligence that are created will be more in line with operational requirements [114]. As working with AI necessitates a completely new sort of skillset for both technical and management staff, developing the unique AI talents that firms need to build is another problem mentioned in numerous research studies.




3.1.4. AI Governance


There is a growing consensus on responsible AI governance, despite the lack of a precise definition [115]. It can be described as a function that details the various ethical rules that apply to AI. It may also be described as a procedure that spans all phases of AI project lifecycles by adhering to the responsible use tenets [35]. In particular, it is crucial to look at what kind of impact responsible AI governance has on businesses’ capacity to adopt changes in business products, procedures, and services and benchmark against competitive performance gains [44]. Microsoft, for instance, created explainability tools to comprehend machine learning models that support decision making [112,116]. Therefore, there is accumulating evidence to support the assertion that responsible AI governance affects internal organizational knowledge management skills [30], as well as how organizations are perceived by external entities when utilizing AI [35].



AI is influencing more and more facets of society, including marketing, healthcare, and human rights. It would not be a good idea to permit the development of unsupervised AI applications [39]. Therefore, it is crucial to advance a reliable AI that abides by the law and is moral, ensuring that ethical principles and values are upheld, and is reliable from both a social and technical perspective. Depending on the viewpoint of each person, governing AI initiatives may be regarded differently. While the European Commission (EC) and Singapore principles view AI governance from a trustworthy stance where solutions are human-centric, Microsoft researchers view AI governance from a technical perspective [115]. The seven ethical AI principles, as outlined by the European Commission, are depicted in Figure 4.



Governance Mechanisms


Different mechanisms can be used by businesses to govern AI [52]. They include formal frameworks linking business, IT, data, model, and machine learning functions, formal procedures and processes for decision-making and monitoring, and further practices encouraging stakeholder engagement and collaboration [34]. We separate governance methods into three categories: Structural, procedural, and relational in accordance with the IT governance literature [115].




Structural Mechanisms


Reporting frameworks, governing bodies, and accountability are defined by structural governance processes [117]. They consist of the distribution of decision-making authority along with roles and duties. Although there is a wealth of work on data governance [32], there is not as much on AI governance [106,113,118].



The development of AI systems involves many different disciplines [119]. In order to manage the complicated interplay between model outputs, training data, and regulatory and business needs, it may be necessary to construct an inter-disciplinary AI governance council that has been proposed for AI in healthcare [106]. Executive sponsors are also vital to the process [3]. Depending on the company’s adoption level, the executive sponsor’s level of power and decision-making over performance objectives may vary. For instance, a dedicated AI budget without any performance requirements would help adoption, at least in the early stages [108]. Investigations into more precise roles connected to model elements are still ongoing.




Procedural mechanisms


The goal of procedural governance mechanisms is to guarantee that AI systems and ML models function effectively and accurately, that they will be held securely, and that their operation complies with all applicable laws, regulations, and company internal rules and policies regarding explainability, fairness, accountability, security, and safety. Ensuring data, model, and system-relevant features and is another goal of procedural methods [119]. Individually and collectively, they include (1) a strategy, (2) policies, (3) standards, (4) processes and procedures, (5) contractual agreements, (6) performance assessment, (7) compliance monitoring, and (8) issue management for data, models, and systems.



Based on strategic organization goals, the strategy indicates high-level guiding of actions. The study by Keding [27] focused on where AI and strategic management interact, with a particular emphasis on two aspects: (a) Antecedents, such as data-driven workflows (data value chain and data quality), managerial willingness, and organizational determinants (AI strategy and implementation); and (b) consequences of AI in strategic management on a personal and organizational level (e.g., human–AI collaboration, AI in business models) [119]. The work focuses on using AI for business intelligence-related decision-making within an organization. A number of AI strategy-related components are currently being worked on, including guiding concepts by academics and practitioners [118,120,121].



High-level standards and norms are provided by AI policies. Key objectives, accountability, roles, and duties are all communicated by organizations through AI policies. Politicians are actively debating AI policies. For instance, the European Union has presented policy options on how to promote the use of AI while minimizing hazards, and a portion of them has already been included in a proposal of the 2021 European Commission [115]. Best practices could be a source for policies at the corporate level [122]. The measurement of (public) AI policy is a hot topic that is also the subject of ongoing discussion and study. For instance, Mishra et al. [31] cover the measurements of AI’s societal and economic impact and the dangers and threats posed by AI systems. While there has been significant progress in the development of data standards, there has been less progress in the establishment of AI standards [119]. Examples include Wellbeing metrics for ethical AI (IEEE P7010), Benchmarking accuracy of Facial Recognition Systems (IEEE P7013), Fail-Safe Design for AI Systems (IEEE P7009), and Ethically Driven AI Nudging Methodologies (IEEE P7008).



In accordance with ISO Standard 9000, a process is defined as a set of interrelated or interacting activities, which turns inputs into outputs, while a procedure is defined as a predetermined technique to carry out an activity or a process [119]. We think of processes and procedures in the context of governance as standardized, recorded, and repeatable ways. AI procedures can be regarded as an essential component of the effective deployment of AI governance [112]. They are related to procedures connected to ML and AI systems and procedures for data governance [123]. The cross-industry standard process for data mining is frequently used in the building of ML models while software engineering coding standards can also act as a governance tool. A similar governance tool for AI to promote interoperability may include defining and enforcing model and system architectural principles, documentation, and coding norms with the aim of improved composability and maintainability [32,39,119]. The recording of each feature, along with its justification, is considered to be the best practice.



Furthermore, more suggestions have been made using software engineering as a guide [3,67]. Some draw generalizations from a case analysis describing the application of ML to address transaction errors, whereas others rely on surveys conducted within a single organization [119]. The ideal method is still a topic of contention, though [67]. As mentioned in [119], the examination of model governance has highlighted procedures for model validation, control, and evaluation (e.g., review policies, updates, and security) [119]. Significant focus has been placed on ML assurance, that is, carrying out an ML development process that produces evidence for the model’s safety, as well as testing techniques for ML systems [124]. Overall, research on models and AI techniques is generally lacking.



Contractual arrangements between involved internal departments or outside entities may concern data, models, or AI systems. Models contain information about the training data that could be taken and utilized improperly in a number of ways, such as by competitors to lower data labeling costs [119]. By precisely defining the operational parameters of AI, contracts also play a significant part in lowering the risk of liability [106,125]. In situations that are unexpected and counterintuitive to human logic, AI may malfunction. Operational concerns therefore necessitate explicit legal notices. Additionally, traditional risk management strategies for AI have been proposed [126]. Monitoring compliance ensures that organizational rules, standards, processes, and contractual commitments are carried out and enforced. The European General Data Protection Regulation (GDPR), which has an impact on data and models and provides the right to model decision explanations, is one of the most notable rules [9,119,125,127]. AI-related issues are identified, managed, and resolved as part of issue management. This covers procedures for standardizing data concerns and their resolution, designating individuals to handle issue resolution, as well as an escalation process [123].




Relational Mechanisms


Collaboration amongst stakeholders is facilitated through relational governance frameworks. They encompass (1) communication, (2) training, and (3) the coordination of decision-making [128]. A collaborative development platform should be used to facilitate communication within an interdisciplinary AI team. Technical and business knowledge are crucial AI competences, according to Mikalefand Gupta [14]. Thus, employee training is u”deniably crucial. While training is frequently associated with learning how to use AI, it can also mean preparing staff members whose duties AI may automate or augment in order to reduce unfavorable effects [129]. Using communication to convey a company’s aim to deploy AI as an augmentation tool rather than a replacement could help alleviate employees’ anxiety [129]. In comparison to data governance, ML models and AI system governance are generally poorly understood [117,123].



It is asserted that academics who studied IT governance and data governance in the literature already in existence offered frameworks or procedures for enhancing functionality or reducing hazards brought on by AI [119]. However, there is a void in the governance of AI, which directly affects AI and deals with both IT governance and data governance [62,130]. As a result, research on how to implement AI governance would be of great benefit, as would knowledge of improving organizational performance while ignoring the drawbacks of AI use [43].



Responsible artificial intelligence application development has advantages from an ethical and moral perspective as well as the potential to give organizations a medium- to long-term competitive edge [131]. For instance, a business can attract technical specialists and keep top talent by demonstrating its dedication to ethical standards, especially in times when competent developers are hard to find. According to the EIU research, unethical business practices deter potential candidates from applying and erode their confidence in the sector, which contributes to the so-called “techlash”, which is the outcome of public skepticism and hostility against major tech businesses [115]. Moreover, ethical AI policies and procedures make it possible to document how a company handles artificial intelligence-related problems [131], which aids in the identification of prospective operational problems or business opportunities [112]. Because reliability increases customer retention, expenditure, and uptake of new services, responsible AI starts to have an impact on performance [14,132]. By upholding moral and responsible standards, an expertly designed AI application can protect and grow one’s clientele [131]. Businesses will be able to retain clients and boost their credibility by creating inclusive products and services that are efficient for all customer types, assure safety, and are transparent. Customers’ trust difficulties, for instance, may be resolved with the adoption of blockchain technologies in AI services for traceability and transparency [132]. From a compliance standpoint, it is equally crucial to building responsible AI governance. Authorities have started keeping an eye on artificial intelligence applications and creating rules that incorporate standards and ethical considerations, such as auditing procedures and algorithmic effect analyses. As a result, a variety of frameworks for protecting personal information and privacy now incorporate privacy by design into their structures [125].



The idea of responsible AI governance has seven components. Accountability, environmental sustainability, societal well-being, transparency, equity, robustness and safety, data governance, and human-centric AI are some of these dimensions [112]. Since it takes a great deal of work to develop a responsible AI governance system, one of its main goals is to lessen the potential that a small change in the weight of the input can significantly modify the output of a machine learning model. To ensure that a company is committed to creating objective and dependable AI, continuous evaluation is required [119]. Therefore, having a maturity model or set of standards to adhere to is crucial for a business while developing and implementing an AI system. The role of knowledge in enhancing an organization’s performance is crucial, as is the organization’s capacity to successfully adapt the information for future use and respond to environmental changes [90].



The performance of an AI application should be evaluated both before and after deployment by an organization that employs responsible AI governance [35]. The ability to explain the data and AI governance aspects clearly and concisely, as well as their interactions, is also crucial [12]. For instance, it is important to record every step of the data processing process, from data collection to use [133]. Since documented processes are less likely to become obsolete, documentation also reduces reliance on a single person’s expertise. Responsible AI governance also emphasizes inclusive design and the development of human agency and autonomy. These are essential elements for improving the use of human capital inside businesses and, consequently, maximizing knowledge exchanges and relationships. Finally, appropriate AI governance mandates that a high emphasis be placed on the security and dependability of entities and systems that communicate with AI agents throughout the design, implementation, and monitoring of AI applications [71,134]. By establishing such privacy and security regulations, cross-departmental access and knowledge sharing are made easier without running the danger of sensitive information being leaked or accessed by unauthorized employees [135].






3.2. The Integration of AI and Business/IT towards Digital Transformation Alignment for Enhanced Business Value Outcomes


3.2.1. The Road to Strategic Flexibility


While the proactive aspects of strategic flexibility seemed to be less prevalent in the existing body of knowledge, scholars defined and operationalized it primarily as a rather reactive ability to satisfy environmental demands [21,136,137].



This study adopts a broad and comprehensive understanding of what strategic flexibility comprises, in keeping with Raynor’s paradigm for strategic flexibility as presented in [138]. As a result, the existing literature may be used to identify four essential components of strategic flexibility that together give rise to the idea of dynamic capability [139]. These components fit with strategies for resource deployment, competitive actions, and proactive and reactive capabilities [37,136,140,141]. Strategic flexibility is a multifaceted idea as a result. These four components are (1) anticipating change drivers and future options [43,136,140,142,143], (2) formulating and designing strategies [137,140,144,145], and (3) assembling and developing capabilities [95,136,144,146,147].



Anticipating Drivers of Change and Future Options


The first factor focuses on the organization’s ability to describe many potential business futures and scenarios based on drivers of change. This theoretical aspect of strategic flexibility essentially charts a path between foreknowledge (denying uncertainty) and paralysis (excess ambiguity) [21,138,148]. For instance, scenarios assist organizations in thinking more flexibly about the future so that we can respond more quickly to changing circumstances. By forcing organizations to think deeper into the future than they normally would and forcing decision-makers to consider new options, they also promote innovation and creativity [20,136]. Thus, the first component aids in comprehending the driving factors, interactions, and changing dynamics at play in the business environment.




Formulate and Design Strategies


The ability of the organization to assess ideal strategies in order to identify essential and potentially necessary contingent parts is the focus of the second aspect of strategic flexibility, which is the formulation and design of strategies. Consequently, when a company does so consistently, this will lead to decisions about how to produce value and build clear accountability for results [9,145]. Decision-makers can use a surgical approach to data collection and analysis based on future alternatives and scenarios, and they can then concentrate on addressing important uncertainties to support decisions and foster action commitment [144,149].




Assemble and Develop Capabilities


The third component, “assemble and develop capabilities”, involves acquiring or choosing the capabilities required to carry out the core plan. In order for businesses to be able to adjust to changing client and market demands, they must speed up the development of their adaptable capabilities [2,13,138,148]. In order to effectively develop organizational skills and support structures, processes, decision rights, performance indicators, and adaptive mechanisms, the organization must plan a relevant set of enhancement activities [9,147]. To enable a successful change endeavor, decision-makers and leaders must alter their ways of thinking and acting [146]. In the end, this will make it possible for companies to prepare for and react to quick, complicated changes in the environment [95]. Additionally, change programs that support rather than restrict the organization’s capacity for adaptation are more likely to result in long-term success [150].





3.2.2. The Role of AI in Strategic Components


AI in Strategic Analysis


The potential of AI to improve and change strategic analysis is a place to start when investigating the role of AI in the strategy process. Despite the fact that managers have long relied on information systems to help them gather and organize data for environmental scanning and decision-making [128], AI algorithms may have the potential to significantly increase the scale, scope, and speed of analysis of an organization’s external and internal environment. This is because AI algorithms are capable of interacting with the environment and generating data. According to previous studies [66], AI can specifically help with (a) gathering data from internal and external sources on a discrete or continuous basis, (b) analyzing and interpreting that data through pattern identification, and (c) supporting executives in making decisions through predictive analysis. As a starting point for mapping how AI may support strategic analysis, we first discuss its applications for analyzing external (i.e., macro- and micro-environmental) factors. Next, we consider AI’s role in competitor analysis, and, subsequently, in the internal analysis of human, financial, and auxiliary resources.



Concerning external analysis, the strategic appraisal of political, economic, social, technological, environmental, and legal variables has been impacted by AI applications [3]. The “political environment” across regions can be inferred using a variety of AI-based text analysis technologies created by political scientists. Such systems examine several data sources, such as news organizations, parliamentary proceedings, and online political dialogue. More specifically, unstructured social media data analysis using ML algorithms has proved successful [53]. Election results, policy changes, political bias, and conflicts can all be predicted using such data, according to research such as that of Chan and Zhong [151]. With AI, political trends and events may be identified and predicted early on, giving strategists a competitive position by enabling them to better grasp how the government and government policies may affect their business. Additionally, ML can be used to quantify economic patterns precisely and consistently, such as economic growth, the beginning of economic recessions, rising poverty, and bankruptcies [63,66]. The financial services sector’s embrace of ML tools is a crucial step before strategists can use them. In order to improve their investment decisions, institutional investors, for instance, employ ML to forecast stock returns and calculate systemic financial risks [152,153].



Changing demography and societal values are only two examples of social elements that strategists frequently need to consider in their analysis. While some of these changes may be gradual (such as those in national culture), others are prone to abrupt upheavals and quick changes (for example those in fashion), which may present important possibilities or risks to the organization [106]. To “map the contours of cultural fields, classify cultural materials, and follow the evolution of culture over time,” scholars have suggested methods such as automated text analysis [154]. Additionally, new algorithms allow for the systematic measuring of culture and the modeling of its development within social groups and organizations [27,86]. Such advancements provide new possibilities for strategy research’s measurement of challenging notions such as culture. From another standpoint, whether for manufacturer or user firms, researchers frequently assign technical elements a significant part in most strategic analyses [66]. AI can help businesses keep track of technical advancements and foresee any important technological changes. For instance, by sifting through enormous volumes of patent or publication data, AI is increasingly utilized to uncover trends of technological advancement [155]. These AI applications enable businesses to create “knowledge profiles” of their market and key competitors [156].



Ecological and environmental considerations are gradually becoming more important in strategic analysis due to the increased climate change awareness and the focus on corporate sustainability responsibility (CSR) [56]. Though research on the use of AI in this type of study is still in its infancy, there are encouraging instances, such as studies exploring whether hydrogen electrical vehicles might evolve into the most popular mode of consumer transportation [86]. Such applications are crucial for both commercial investors and policymakers who are choosing where and how to build transportation infrastructure. Organizations usually invest a great deal in legal advisors who frequently manually compile and assess a big body of current legislation that may change the terms of business across countries and legal regimes [39]. Applications of artificial intelligence may assist in the internal collection and processing of such legal data by businesses, potentially lowering overall legal costs. For instance, an AI algorithm that sorts through thousands of pages of legal papers can offer helpful summaries pertinent to a firm’s strategy [66]. AI is also rapidly being utilized to automate financial compliance monitoring and regulation [157].



Competitor analysis is a key area where AI is used in strategic analysis. Automated analysis can assist in grouping data, spotting trends in data, and even forecasting competitors’ strategic movements as businesses amass enormous amounts of data regarding their competitors and their industries. Strategists frequently have to identify pertinent competitors in order to move forward with strategic analysis, yet doing so continues to be one of their most difficult tasks [86]. There are new methods for spotting upcoming competitors and forecasting performance, such as studying online content to determine the “correlation” or convergence of the organization’s services and product offers. Similarly, AI algorithms can be used to identify strategic groupings made up of businesses with similar strategies and estimate the transit of businesses within and between these groups [66].



All these tools also provide a more dynamic method for performing competition analysis [142]. Indeed, academics have cautioned that in order to assess the ongoing validity of an organization’s strategy, assumptions about competitors must be periodically re-examined and assessed [86]. The advantage of automated competitor analysis over conventional, manual, and discrete approaches is significant: Once connected to machines that generate market and competitor data, such as web crawlers and online sales, algorithms can carry out competitor analysis continuously and aid strategists in dynamically evaluating the viability of the organization’s current strategy.



Additionally in terms of internal analysis, AI may support the strategic analysis of organizational internal elements, such as staff, budgets, and auxiliary resources, including supply chains or customer relationships [132]. AI applications can help managers detect employee performance, anticipate career paths, and uncover patterns of compensation and inequalities, including other things, by automating pattern recognition in such data, starting with human resources [10]. Strategists can more accurately gauge the degree to which a possible strategy can be implemented by carefully evaluating abilities, knowledge, aptitude, and demographics.



Furthermore, organizations have vast amounts of detailed, precise, and categorized accounting and financial data. When performing an analysis, strategists frequently use balance-sheet data, for example. AI algorithms can analyze patterns by constantly or discretely clustering collected data. By performing this, algorithms can improve the interpretation of what drives specific financial resource conditions that are pertinent to the nature and timing of the firm’s strategic commitments, such as fluctuations in liquidity and exchange rate premiums at company budgets [45,158]. AI can also be applied to financial studies that are less crucial to the formulation of strategies, such as tools for keeping track of business transactions [157]. Applications are able to quickly spot fraud by detecting transactions with unusual quantities or frequencies. With the help of these tools, AI can help manage financial risk by enhancing compliance and risk management activities with better data-driven insights, utilizing quick and automated data analysis, and reducing administrative burdens, freeing up the time of finance and accounting staff members for more inventive tasks [142].



A variety of additional resources crucial to the strategy process, such as demand forecasting, production planning, resource allocation, and logistics, are increasingly being analyzed with remarkable efficiency using AI algorithms. AI can enhance production planning decisions, for instance, by automating the procedure of choosing qualified suppliers by mining data from online directories and other repositories [9,128], offering forecasts on the performance of potential suppliers [159], and even estimating valuation and evaluating online bids [160].



Moreover, a complementary resource that is particularly pertinent for AI-supported analysis relates to customer relationships. Customers are participating in more product- and service-related discussions, consuming digital information, and exchanging expertise on a range of social media platforms [161]. Strategists can better understand patterns and seasonality in consumer needs connected to their service and product offerings by keeping track of customer behavior through their digital footprints [132]. Such information can then be used to anticipate customer preferences, which will eventually result in an analysis important to the company’s product creation [162].




AI in Strategy Formulation and Implementation


Many firms have made AI the focal point of their high-level strategy in light of its quick ascent to the status of general-purpose technology. In the I/0 2017 keynote, Google CEO Sundar Pichai stressed the company’s policy of putting “AI first”, emphasizing a greater outlook on ML and other AI technologies to boost organizational efficiency and enhance customer experience [66]. In the years that followed, Google and its business partners made significant investments in products that appeared to be more “intelligent,” such as Google Photos, which uses AI to identify people, places, and objects in images, RankBrain, which speeds up searches, and Google Assistant, a personal virtual assistant. All of these moves significantly raised the company’s overall valuation.



The activities that make up the formulation and implementation stages of the strategy process are also changing as a result of AI. Organizations set business development and financial targets, as well as associated execution strategies, at varying levels of granularity in their pursuit of profitable growth [157]. Formulating and implementing a strategy is a protracted and complicated process involving a significant amount of varied data and draws on managerial analysis and decision making at various levels of the organization, regardless of whether such a process occurs frequently and formally or infrequently and informally [9,12,34]. Therefore, the cognitive constraints of strategists in processing data for the decision-making and problem-solving tasks underlying strategy formulation and implementation are extensively documented in the literature [66]. Discussions regarding the development of earlier generations of decision support systems since the 1950s are strikingly similar to those surrounding the potential of AI to improve human strategy formulation and implementation.



On the one hand, scientists appear to agree that big data and modern AI applications outperform the capabilities of earlier systems. In-depth understanding of the firm, its environment, and the risk–reward profile of strategic options is necessary for effective strategy formation [106,163]. Similarly, a strategist’s skill to efficiently monitor operations and assess the effectiveness of strategic activities is essential for successful strategy implementation [59]. Therefore, the ability of AI system applications to optimize continuous data analysis, generate new information about strategic opportunities, and recognize patterns to foresee the outcome of choices stands to improve the quality of the strategist’s decisions where they relate to formulation and implementation tasks, which require primarily knowledge assets [27,30,63].



On the other hand, there are several reservations regarding the limitations of AI systems in the development of strategy. For instance, researchers have made the argument that while AI performs well in stable, context-specific settings, it underperforms in settings that involve creativity, novelty, and uncertainty [12,62,164], and it can even increase complexity in overall organizational decision making [66]. As a result, AI is better viewed as a “helper” that improves strategists’ ability to make decisions concerning external threats and opportunities, internal strengths and weaknesses, and strategic challenges [60,73].




AI and Corporate Strategy


We consider its function in the study of typical corporate-level strategy concerns pertaining to a firm’s business portfolio and decisions regarding growth and diversification to provide an example of how AI can be employed in certain areas of strategy formulation and implementation [165]. A business portfolio of enterprises can be evaluated for fit, risk, and performance using artificial intelligence, and potential synergies between them can be analyzed and suggested [159]. AI can help strategists address portfolio risks, for instance, when demand swings are highly connected throughout the portfolio or when multiple firms are subject to comparable currency risks, based on an examination of market and product data across business units. Such AI “sparring partner” activities are referred to as “cognitive insight” by Davenport [29].



AI technologies are also changing how businesses identify and evaluate potential merger and acquisition prospects as well as how they handle the deal cycle and post-merger integration phase. Traditional mergers and acquisitions (M-A) are bound to monitor a limited set of potential targets because they call for a variety of resource-intensive analytical activities, due diligence, market analysis, valuation, and pricing, but AI-based analytics enables businesses to display a big pool of opportunities automatically and constantly as they present themselves [5,86]. Automatic document summarization and topic modeling are two examples of natural language processing (NLP) techniques that can be used to create a filter that will preselect appealing situations for further human consideration [66]. The advantage of artificial intelligence in these situations comes from the technology’s capacity to integrate a variety of data sources, including patent databases, organizational financial records, previous M-A deal data, and social media, for example, LinkedIn data, in order to identify rare skill sets, news media, conference call document filings, and discussion forums, and dynamically adapt screening criteria to shifting environmental conditions [166]. For instance, Refinitiv, a San Francisco-based provider of emerging financial technology solutions, uses AI techniques to create predictive quantitative models on M&A targets that assist decision-makers in more correctly estimating synergies and evaluating deal value [34].



Furthermore, given the importance of speed and efficiency in decision-making regarding M&A opportunities [167] and the post-merger integration stage, AI can have a significant impact on performance by automating acquisition process steps and narrowing crucial M&A cycle activities [109]. Additionally, these tasks could be carried out more cheaply. For instance, with regard to the pre-acquisition stage, transactional law has made significant strides in recent years, allowing legal practitioners to streamline the labor-intensive M&A due-diligence process. Among the many uses for AI, automation can help target companies gather and categorize pertinent documents more effectively while ensuring they adhere to disclosure laws [168].



Post-acquisition, by merging vast expanses of unstructured data from different enterprise systems, such as those found in customer databases and contract repositories, AI may further enhance and speed up job integration and uncover potential for cost reduction. Similar to this, AI may have uses in cooperative strategies such as partner selection and identification in strategic alliances. Indicators such as a potential partner’s company emphasis or strategic orientation, for instance, may be found by strategists using NLP on annual reports [169].




AI in Strategic Innovation, Entrepreneurship, and Renewal Models


It is becoming clearer how opportunities and obstacles for launching new businesses and strategic entrepreneurship may arise from the adoption of AI technology by businesses. A general-purpose technology (GPT) as a new way of creating, AI, and particularly deep learning, has the potential to change the structure of the R&D process and the nature of the innovation process [1,20,170]. They contend that improvements in AI result in a reinforcing loop between innovation at the level of AI and its application sectors, similar to the growth of previous GPT such as the microprocessor.



According to Chalmers, MacKenzie, and Carter [171], there are three ways that AI might improve the information-search and idea-generating processes that form the cornerstone of discovering and seizing new business opportunities. First, the capability of deep learning algorithms to locate structures in high-dimensional data enables corporate and start-up entrepreneurs to look for and test previously unobservable prospects [165]. Second, AI can encourage the creation of new businesses by identifying and capitalizing on consumer demands [132]. Third, AI-based simulations and trials offer financiers and company executives the chance to put fresh ideas and ventures to the test. For instance, simulations employing dynamic real-world data might mimic the circumstances that new businesses might face in the future [165]. When completely developed, such tools might not only be useful for investment decisions but also for designing innovations and making decisions on crucial product characteristics such as pricing or marketing [20,34]. Entrepreneurs could thus put their ideas to the test, forecast how buyers would respond to certain product features, and make adjustments to product design and pricing using AI-based simulations and trials [171].



Through the development of conversational systems and robotic sales advisers, AI is also making progress in assisting and supplanting human activities in tasks connected to the exploitation of new business ideas [171]. It is yet unclear how valuable these solutions will end up being in the long run. Questions about the effects of organizational de-skilling and a loss of client relationships as a result of robo-advisors, as well as concerns about customer acceptability of contact with AI-based systems, will present new study opportunities in the future [132]. Important questions about how AI-based technology affects strategic entrepreneurship when it comes to expanding new businesses and controlling the risk involved in entrepreneurial activity arise from a strategy perspective.




AI in Strategy Control


Strategy control refers to the actions taken by strategists to make sure that the execution of strategic plans proceeds as planned and to track the achievement of strategic objectives. Despite its necessity, there has not been much research on using AI for strategy control [66]. Nevertheless, due to the ability to automatically identify appropriate performance criteria, track and assess performance against standards, and recommend paths for corrective measures based on predictive analysis, various viable areas can be found. The use of AI for project management and internal communication is particularly intriguing. AI will become an important tool for assisting strategists in assessing the implementation and performance of their strategies as more and more commercial operations are managed through increasingly interconnected digital platforms [90,159].





3.2.3. AI Business Value Drivers and Enhanced Outcomes


So far, a variety of business value outcomes have been proven to be enhanced by the implementation of AI technologies in organizations’ schema but we are still at the very beginning of this new technological era. Despite the fact that little knowledge is, as yet, robust from both a theoretical and technical viewpoint, there are remarkable studies on AI and Business Value Streams in organizations. Prior research [91,172,173] examined how IT resources affected higher-level organizational capacities, but there has not been much attention paid to developing intermediate capabilities in the context of AI [74,174]. As a result, businesses should adopt an ambidextrous viewpoint while utilizing AI in practice, whereby routine and novel uses of AI simultaneously fuel the growth of the organization’s strategic flexibility.



Though it might not be as simple as one might imagine, obtaining economic value from AI ambidexterity may be a challenge. First, given the company’s adoption and progress of AI, routine and innovative usage of AI may vary from one organization to the next [89]. According to the literature, AI should be used as a crucial organizational resource to build the dynamic capabilities of the organization so that it can reach its full potential [42,175]. A critical dynamic capability and strategic flexibility thus evolved as a result of the simultaneous strategic emphasis on these two fundamental features of AI ambidexterity [139]. This is also consistent with the claims made by [72,176], who assert that the strategic flexibility of an organization is often significantly impacted by the application of analytics and AI in action. By anticipating key change agents and potential future business scenarios, AI ambidexterity especially enables enterprises to forecast market trends, better understand the challenging environment, and respond appropriately, giving them the very first advantage [37]. The framework for developing data- and AI-driven business plans and scenarios that encourage commitment to action is provided by the ambidexterity of AI for businesses [13,149,177].



Additionally, AI ambidexterity simplifies the ability of enterprises to coordinate and mobilize their resources, skills, and previously unrelated capabilities [37,63]. Additionally, AI ambidexterity gives businesses the resources they need to reinvent their work processes with the help of cutting-edge intelligent technologies and algorithms [177]. Finally, by empowering decision-makers to innovate [8,72], roll out or align business alternatives all around the organization, and possibly enter new business sectors [5], the organization will be able to constructively perform the business strategy. Utilizing these ostensibly incompatible and competing AI application modes means firms are better able to detect and foresee changes, respond proactively to them, and align business and IT strategies. The accepted complementary view on the capabilities of AI goes beyond a structural and temporal focus and highlights the dynamic and interconnectedness of AI’s routine and innovative use as a key factor in what motivates organizational strategic flexibility [21]. In reality, it is entirely possible that novel applications of AI, and hence the exploration mode, come before standardized methods of using them [8,75].



Many academics contend that strategic flexibility develops a portfolio packed to implement a variety of contingent strategies and motivates the organization’s IT and business resources to be renewed in order to achieve operational capability-level efficiencies, business/IT alignment, quality improvement, and innovativeness [70,95,138,146,147,173,178]. Additionally, strategic flexibility enables firms to restructure and improve operational practices and capacities and accelerate the adoption of digital technologies [2]. Moreover, strategic flexibility enables organizations to create the best possible business strategies and the skills required to implement the core strategy. Furthermore, it might improve their operational ambidexterity or a dual digitalization framework to operational capabilities, or their operational exploration and exploitation capability [13,138,148,179]. Therefore, companies need to be strategically flexible because they must reassess their current operating models and adapt as quickly as their environment, especially in the face of a pandemic such as COVID-19 [146,180,181,182]. Therefore, this study conceptualizes that the alignment of AI Capabilities and Business/IT strategy enhances several business value outcomes for organizations [51,109]. This is in line with the extant literature on the IT-business value process [173], leveraging IT ambidexterity and AI capabilities in organizations [13,14,76,109].



Change projects that support adaptive transformation skills rather than stifling them are more likely to yield lasting effects [13]. Unfortunately, as firms undergo transformation processes, numerous impediments become ingrained in them. Consider, for example, disgruntled workers, stubborn decision-makers, and routine processes [34]. The extended leadership team is engaged by adaptive transformation capability, which also helps reshape the organization, its management, and its resilience [5,86]. Adaptive transformation capability addresses such roadblocks to transformation and directs businesses in orchestrating balanced transformation alignment. An adaptive transformation capability, as a strategic capability, enables businesses to stabilize the transformation roadmap and acts as the pillar to achieve high performance in turbulent times [34,90]. This dynamic flexibility, which is supported by AI capabilities, enables businesses to swiftly coordinate the beginning of the subsequent development phase and carry out essential adjustments [21]. With a high level of participation, businesses make sure that long-term improvements drive competitive performance and produce ground-breaking outcomes in challenging times [37,159].



To summarize everything said above, we offer a conceptual model that outlines all the aforementioned relationships. In Figure 5, which was modified based on the prior portions of important literature, the streams for enhanced value outcomes in the integration of AI in business/IT strategies are graphically represented. This framework was specifically designed to help managers assess the competitive value of complex AI investments while also taking a strategic stance on the anticipated connections.






4. Discussion


In order to help businesses align with their digital transformation and deliver improved business value outcomes, the integration of AI with business/IT strategies was the focus of this study. Artificial intelligence research is fundamentally sparked by digital transformation, extremely difficult problems, and businesses’ need to model and comprehend human behavior. The significance of management information systems, located at the intersection of information, business, and industry, has grown even more as a result of the fourth industrial revolution, particularly now that digitalization has grown into a necessity.



We conducted a systematic literature review using a particular technique that has been widely utilized in the past to investigate information systems strategy and subjects related to digital transformation. Our research indicates that an organization commonly undergoes a digital transition as a result of environmental technological developments. It is now urgently necessary for the organization to be able to connect with its surroundings and follow new regulatory frameworks. Simultaneously, the integration of AI capabilities with business/IT strategy has been highlighted as one of the key enablers of digital transformation alignment, which improves a variety of organizational business value outcomes. Specific difficulties, solutions, levers, and streams can be found in the context of responsible AI governance and the use of its ambidexterity in the development of AI capabilities. Anyhow, to be able to provide enterprises with a significant competitive edge, applied AI capabilities in conjunction with strategic flexibility unlock new routes of value creation that must be evaluated from various complex viewpoints.



The study’s findings present a more detailed picture of how AI affects organizations. Previous research has demonstrated how the application of AI can help organizations acquire the adaptive organizational capabilities necessary to increase operational efficiency. This study, which is in line with past studies, demonstrates the critical role AI capabilities play in enabling the integration of digital transformation alignment, which ultimately generates a competitive advantage. As a result, this study reveals the enablers and drivers for pursuing AI’s increased business value. This study also demonstrates that the synergistic ambidexterity effect outweighs the sole benefit of creative and consistent AI utilization. This result demonstrates the need for organizations to have a dual strategic focus on innovative and routine AI deployment, as these two essential facets of AI ambidexterity have a synergistic impact on the strategic flexibility of the organization.



Additionally, these revelations contribute to our understanding of the ways organizations must optimize their AI resources to promote strategic flexibility and benefit realization at the strategic level of the organization and contribute to the current body of knowledge on shaping and developing dynamic capabilities. Additionally, our current research suggests that by establishing digital skills that are challenging to compete with, businesses can traverse challenging and shifting business environments. Our research thus adds to the body of knowledge already in existence and satisfies the demand for additional fundamental studies on AI’s role in strategy. By doing this, we draw attention to how AI capabilities help businesses to be more adaptable. Additionally, the results of this study refute the notion that because AI has such a long life cycle, it is frequently monolithic and unable to adjust to changing surroundings. What is crucial, however, is for businesses to use AI to support adaptive transformation as opposed to impeding it.



In addition, the policies and objectives that define and steer the company strategy should take into account whether good AI governance has a direct impact on an organization’s results. The failure to comprehend how the unintended effects of an AI system could affect a firm’s overall competitive position is crucial to the creation and adoption of responsible AI regulatory frameworks that enhance economic value. Therefore, learning about and researching the proper operation of responsible AI governance frameworks could give businesses an advantage over their competitors. Managers who want to include ethical AI issues in their work must first understand what is required to do so before taking the necessary actions to create an ethical AI system. It is a significant task to reorganize organizational structures, allow a way for responsible AI research, and then implement management reforms to put new organizational practices into place in the absence of an AI governance framework.



Understanding that operational ambidexterity is driven by strategic flexibility, which leads to the simultaneous innovation and development of operational business systems and practices using digital technology, is another significant theoretical contribution. This result builds on previous research and demonstrates the critical role AI plays in attaining these operational gains. These findings can be used as a springboard and vision for IS and management researchers who want to look into the business usefulness of AI capabilities.



Numerous practical implications of this research are also present. First, policy makers need to make a concerted effort to invest in AI and highlight the creative and rather numerous ways it is already being used. The emergence of the strategically flexible organization will be fueled by the synergistic impacts of these ambidexterity actions in this manner. They ought to concentrate on a continuous capability-building process and plan. This suggests, for instance, that decision-makers inside the business should place an emphasis on seeing the AI issue via a more holistic approach, which further regards technology as a key element of competitive strategy. In order to create and further shape dynamic capacities to look ahead, inform and optimize decision-making, and respond to shifting market conditions and demands, businesses should actively invest in AI skills. These actions will guarantee that the organization develops a competitive edge, achieves high levels of organizational performance, and refocuses on a number of strategic growth and performance improvement objectives.



Second, top management should make use of AI to increase the organization’s strategic flexibility. The firm can take measures to promote and mature this dynamic capability and fuel its operational ambidexterity by structuring improvement activities anywhere along lines of the fundamental components of strategic flexibility. Organizations might, for example, create and test strategic alternatives and decisions based on numerous conceivable future circumstances. The organization’s skill to notice, respond to, and thrive on disruptions and changes that occur within the ecosystem throughout time can be increased by acting in this proactive manner and practicing for many futures. High organizational levels of learning and collaboration are other advantages of doing this. Organizations must create the best possible strategies for the chosen business situations and determine what is required, in keeping with the second aspect of formulating and designing strategies. With distinct responsibilities and decision rights to guarantee high-quality and prompt decision making, the process should result in targeted investment decisions. Decision-makers should achieve this by identifying and managing diverse thinking and assumptions through fruitful discussions and meetings with different stakeholders. Additionally, well-formulated and well-designed strategies often concentrate on standard measures that create business value throughout the organization and guarantee unambiguous accountability for results. Likewise, organizations need to establish the ability to change more quickly in order to adapt to shifting consumer and market demands. In doing so, decision-makers need to take into account the interdependence of variables including the amount of available human resources, the time frame, and the strategic goals. In order to effectively develop organizational capacities and support structures, processes, decision making procedures, performance measures, and adaptive mechanisms, they really need to manage the indicated digital and AI-driven enhancement efforts.



As a way to promote continuous learning and improve collaboration within the business, periodic reviews and the implementation of performance measurement tools can also be used to track progress. Managers in important positions can utilize the study’s findings to compare results and pinpoint areas that require improvement. Numerous procedures must be put in place in order to do this, which calls for the support of top management and a well-defined strategy for responsible AI integration across the entire organization. As many businesses are still in the early stages of implementing AI technologies, it is crucial to do so responsibly in order to benefit from the creation of new capabilities that can improve performance. Although additional implementation concerns need to be built into the overall design due to the complexity and cost of AI systems, the advantages can be swiftly appreciated on management and financial levels.



Last but not least, given the complexity of AI applications, the majority of businesses do not yet have a department dedicated to the development of AI. It is obvious that management needs to devote more time and expense to developing AI capabilities. Since AI is created from idea to implementation, new capabilities will come from the AI team itself. This implies that competent AI development teams have the chance and authority to alter outcomes in a way that is advantageous and positive by putting AI-driven projects into practice that follow a responsible AI framework. Managers must plan ahead and make investments before their rivals if they want to maintain their competitiveness and drive future business value. On the other hand, getting on top of the competition requires time. It demands a methodical strategy in which all managerial efforts are confined inside a framework that unambiguously directs the essential measures to attain representative AI practices.



Regarding the article’s limits, even though we searched for numerous permutations of the linked terms, there may still be publications mentioning AI, strategy, digital transformation, and business value that do not use the term, or variations of it, in their title or abstract. Additionally, by limiting our search to business-related issues, we were able to dismiss more technical publications. Furthermore, we excluded studies that advanced the state of the art in other languages and solely examined articles written in English. It is worth mentioning that the industrial applications of AI, such as those in smart cities, the health industry, manufacturing, etc., need a lot more attention and a unique survey comparing the requirements, difficulties, and solutions among the various industries.



To summarize, the focus of our research is on how digital transformation and AI can work together to create enhanced business value outcomes from a strategic point of view. Future research could carefully evaluate each model substitution and assess the aforementioned conceptual model both theoretically and experimentally. We examined the most important aspects of AI capabilities, so it might be interesting for future research to group the connections and value streams that are produced as a result of various use cases and applications for better strategic implementation across diverse circumstances. This digital age is changing at a rapid pace and so must organizations if they do not want to be left behind in a deep technological void.



Integrating AI solutions into business strategies can bring significant benefits to the company, such as increased efficiency, improved decision-making, and new revenue streams. However, successfully implementing AI requires a well-thought-out plan and a clear understanding of the technology and its capabilities.



First and foremost, it is crucial to conduct a thorough analysis of the business needs and goals to determine where AI can be most effectively utilized. This will help to identify specific areas where AI can bring the greatest value and enable the company to set clear and measurable objectives for implementation. Once the areas have been identified, it is important to develop a clear understanding of the available AI technologies and their capabilities and match them to the identified business needs.



To ensure that the AI solution being implemented is aligned with the overall business strategy, it is important to create a cross-functional team with representatives from various departments such as IT, operations, and marketing. This team should be responsible for defining the scope of the project, setting the budget, and monitoring progress. Additionally, proper data management and governance infrastructure are crucial for the success of an AI project. Without accurate, reliable, and compliant data, AI systems will not be able to function effectively. Therefore, it is important to invest in data management and governance infrastructure to ensure that the data being used to train and operate AI systems are accurate, reliable, and compliant with relevant regulations.



It is also important to measure the performance and impact of the AI solution on the business, establish clear metrics that are aligned with the objectives of the project, continuously monitor and evaluate the performance of the AI solution, and make adjustments as necessary. To foster a culture of experimentation and innovation, organizations must encourage employees to test and suggest new AI-based ideas and solutions. This will help to identify new opportunities and improve the overall effectiveness of the AI solution. Additionally, it is important to stay informed about the latest developments in AI and related technologies, adapt the strategy accordingly, and plan for potential ethical and legal considerations, such as data privacy and bias, to ensure compliance with laws and regulations and maintain public trust, and consider partnering with AI experts or vendors to gain access to specialized skills and resources. This will help to ensure that the implementation is performed correctly and that the solution is tailored to the specific needs of the company. By following these recommendations, the company will be well on its way to successfully integrating AI solutions into its business strategies and reaping the benefits that AI has to offer.




5. Conclusions


AI has been hailed as a revolutionary technology that has the potential to change the way businesses operate. This study delves into the specific ways in which AI can be integrated with business and IT strategies in order to help organizations navigate the digital landscape and achieve their goals. The research finds that the integration of AI capabilities with business/IT strategy is a key enabler of digital transformation alignment and that the synergistic ambidexterity effect of innovative and routine AI deployment outweighs the solo benefit.



One of the key takeaways from this study is that AI is not just a tool, but a force that can shape the very nature of an organization. As businesses seek to harness the power of AI, they must be mindful of the ways in which this technology can be used to create new opportunities and unlock new forms of value. This requires not only a deep understanding of the technology itself but also a willingness to question established norms and explore uncharted territories.



In this sense, the integration of AI with business and IT strategies can be seen as a form of alchemy, in which organizations are able to transmute the raw materials of data and technology into new forms of value and competitiveness. This process requires a deep understanding of the underlying principles of AI, as well as a willingness to experiment and take risks.



Ultimately, this study highlights the importance of embracing the potential of AI in order to thrive in the digital age. As businesses seek to stay ahead of the curve and adapt to the rapidly changing landscape, they must be willing to question the status quo and explore the uncharted territories that AI has opened up. In doing so, they can unlock new forms of value and gain a competitive edge that is difficult to replicate.
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Figure 1. Article selection process Source: Own elaboration. 
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Figure 2. AI branches of types, applications, and techniques. Source: Own elaboration. 
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Figure 3. Categorization of resources to ideation and implementation of AI capabilities Source: Own elaboration. 
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Figure 4. AI responsible principles based on European Commission. Source: Own elaboration. 
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Figure 5. Conceptual framework. Source: Own elaboration. 
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Table 1. Prior Literature Reviews. Source: Own elaboration.
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	Authors
	Year
	Methodology
	Findings





	Kitsios and Kamariotou [1]
	2021
	Systematic Literature Review

(Webster and Watson)

81 articles published before 2020
	Analyze the relationship between corporate strategy and AI and outlined four sources of value creation for the application of AI in business strategy, along with research holes that need to be filled.



	Çebeci

[50]
	2021
	Systematic Literature Review

Scopus Database

2944 articles between 2001–2020
	Holistic Review that examined and assessed AI studies in Management Information studies over time according to context, method, journal, and concept



	Enholm et al.

[51]
	2021
	Systematic Literature Review

10 Databases

43 Articles published before 2020
	A review that explains how businesses can use AI technologies in their operations and illustrates the value creation processes. The important enablers and inhibitors of AI adoption and use are highlighted in our study, along with the types of AI use in the organizational setting, first and second-order impacts, and usage typologies.



	Keding

[27]
	2019
	Systematic Literature Review

58 articles published between 1983–2019
	Review of articles on the use of AI techniques in strategic management, with subheadings on data-driven workflows, managerial openness, organizational factors, managerial cognition, the importance of complementary skills, human–machine collaboration, design of decision-making governance, agility and participation in strategy development, and predictive logic in business models.



	Zuiderwijk et al.

[52]
	2021
	Systematic Literature Review 26 articles published between 2010–2020
	Analysis of the effects of AI use on public governance. They created a research agenda for the risks associated with the use of AI in the public sector as well as its implementation and use techniques.



	Borges et al.

[26]
	2021
	Systematic Literature Review

2 databases

41 articles published between 2009–2020
	A review of the integration of AI to organizational strategy. The results were analyzed based on four standpoints: Automation, decision-making, customer engagement and new products, services offering.



	Trunk et al.

[7]
	2020
	Systematic Literature Review and Content Analysis

4 databases using keywords regarding Artificial Intelligence, 55 articles published between 2016 and 2020
	A review of the use of AI in ambiguous decision-making. In order to define how people can use AI for uncertain decision-making, a conceptual framework was created.



	Grover et al.

[53]
	2022
	Systematic Literature Review and Social Network Analytics 181 articles published between 2010–2019 combined with Twitter data
	A review of AI’s application to operation management. developed a framework for integrating AI into organizations and best practices for leveraging AI tools into operational management



	Caner and Bhatti

[54]
	2020
	Systematic Literature Review

Searching for peer-reviewed papers in 7 databases using the keyword “Artificial Intelligence” in business management field and social sciences Papers published between 2015–2019
	A conceptual framework was created to explain AI business strategy and examine AI’s capabilities and limitations, economics, business functions, workforce, industry, regulations, and ethical considerations.



	Smacchia and Za

[55]
	2022
	Computational Literature Review

1148 articles
	Identified fifteen topics related to the artificial intelligence discussion in organizational studies, described each one in depth, and determined whether it is diminishing, steady, or emerging.



	Di Viao et al.

[56]
	2020
	Bibliometric Literature Review

73 articles published between 1990–2019
	With the use of the R Biblioshiny package, they applied bibliometric science to their work for clearer, more illustrative presentations in the context of AI with sustainable business models.



	Dhamija and Bag

[57]
	2020
	Bibliometric Literature Review (Network analysis)

1854 articles published

between 2018–2019
	Review AI and related domains in combination with operation management.

Identified six clusters that emphasize important issues for current and future research
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