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Abstract
The purpose of this paper is to create a more comprehensive understanding of how artificial intelligence is revolutionising the way strategic decisions are made. Indeed, despite the massive use of AI in business contexts, especially to perform operational and tactical tasks, its potential at a more strategic level still requires further investigation. Using a systematic literature review based on 42 papers drawn from Web of Science and Scopus, we identify 3 macro-thematic areas – (1) antecedents and risks of AI Use in strategic decision-making, (2) outcome orientation, (3) process orientation – as well as some sub-themes in the second and third categories. We conclude by providing some insights on future avenues of research. 

Keywords: strategic decision making, artificial intelligence, decision; outcomes, process

1. Introduction
Effective decision-making is a crucial factor contributing to organizational success (Blenko et al., 2010). Several literature reviews have been conducted to investigate AI/human collaboration to perform some operational and repetitive tasks such as human resource training, recruitment and performance evaluation (Qamar et al., 2021; Votto et al., 2021; Vrontis et al., 2022) as well as advertising, promotion and pricing activities (Verma et al., 2021; Vlačić et al., 2021), smart manufacturing activities (Cioffi et al., 2020; Wang et al., 2021). These are indeed some of the areas in which AI has spread at an incredible pace in the last decade. However, a big challenge to be explored is whether and how AI can provide significant support to human decision-makers for more complex and impactful strategic decisions.  Moreover, despite the growing popularity of AI as a topic at the intersection of different research fields -information science, computer science, and management - its implications for management research in decision-making have been predominantly studied by exploring its use at an operational and tactical level (seeNiu et al., 2021; Rana et al., 2022). The purpose of our paper using a systematic literature review is to examine the adoption of the disruptive technology of artificial intelligence (AI) in strategic decision-making. Given the rapid growth in AI research the literature on AI the focus on strategic decision making is fragmented. 
Our study contributes to extant literature on strategic decision making by providing an overview of the changes in the field resulting from the adoption of a AI solutions and suggests some future research directions. Also  our study raises some managerial implications as well, In particular it enhances awareness on the possible uses of such a disruptive technology in making strategic decisions and on the ways human decision-makers can interact with it to achieve better results. 
	The remaining of our paper is organised as follows: a conceptual background section provides an overview of the framework for strategic decisions and decision making as well as on artificial intelligence, a methodology section represents the steps taken to conduct the review, a finding section presents the main thematic categories identified, a discussion section evidences some insights on our findings as well as some future research avenues and eventually a conclusion section. 

2. Conceptual background

2.1 Strategic decisions and strategic decision-making
Strategic decision-making represents a core construct for the purpose of our study. Depending on the disciplinary perspective there are different definitions of what is a strategic decision, based on its nature, characteristics and orientation. For example in the strategic management field Mintzberg et al. (1976) propose to rely on the “importance” criterion to identify a decision as strategic. A decision is strategic if it is “important, in terms of the actions taken, the resources committed, or the precedents set” (Mintzberg et al., 1976, p. 246) Strategic decisions are “those infrequent decisions made by the top leaders of an organization that centrally affect organizational health and survival” (Eisenhardt & Zbaracki, 1992, p. 17). In another view, a decision is strategic when it entails a choice between discretely different alternatives (Leiblein et al., 2018), such as differentiation or cost advantage (Porter, 1985) or the selection of different organisational forms (Williamson, 1991). An additional definition leverages the idea of a long-term trajectory shaped by strategic decisions, which influence the sustainability of the business, despite the changes that may arise in the external context (Mintzberg & Quinn, 1991). Even the context in which the impact of the decision takes place has been used as a distinguishing criterion. Indeed, strategic decisions pertain to external issues rather than internal ones. Some examples are the identification of the industry in which the company operates or aspires to operate, as well as the definition of its long-term goals and objectives (Ansoff, 1965). Operational decisions have instead an internal focus and pertain to the day-to-day functioning of the organisation, such as resource allocation, scheduling, and performance monitoring (Ansoff, 1965). 
[bookmark: _Hlk154654941]Strategic decisions have also been defined based on commitment, irreversibility and reliability (Ghemawat, 1991; Van den Steen, 2017). A decision is strategic also depending on its ability to represent a core guide for other decisions (Van den Steen, 2018). Moreover, Leiblein et al. (2018) focus their definition on the concept of interdependence, claiming that there are three dimensions of interdependence that make a decision strategic: inter-temporal, inter-decision and inter-actor interdependence. The concept of commitment, along with the so-called “scope of the firm”, is at the foundation of another framework to distinguish strategic from non-strategic decisions, proposed by Shivakumar (2014). Commitment is measured in terms of the costs arising from the idea of reversing a previously made decision. The scope of the firm is instead defined as the where (market) and the how (organisational activities) of the value created by the firm, respectively by means of the market and organisational transactions; strategic decisions considerably impact both scope and commitment, neo-strategic decisions that only impact on the scope while leaving the commitment unchanged, tactical decisions mainly affect the level of commitment but not significantly the scope, operational decisions affect neither of the two (Shivakumar, 2014). We elaborate on the above-considered definitions to identify four main characteristics that constitute our guiding criterion: 1) the decision implies a long-term commitment, 2)the decision impacts the where and how of value creation, 3)the decision pertains to external issues rather than internal ones, 4)the decision is characterized by a strong inter-temporal, inter-decision and inter-actor interdependence, the decision contribute to shaping the long-term trajectory that influences the sustainability of the business. 
	Strategic decisions are the end of a deliberation process that leads to the allocation and commitment of a set of resources to realize the chosen course of action (Davis et al., 1997). In strategic management literature with a focus on strategic decisions and decision-making, two main streams of literature emerged: content research and process research (Schwenk, 1995). Content research, focuses on the subject of the strategic decision-making process and on its impact on outcomes, with the aim to provide useful insights to improve organisational performance (e.g. (Porter, 1982). Process research investigates decision processes for strategic purposes (Huff & Reger, 1987). In the stream of process research, the most important choice paradigms, as reported by Eisenhardt and Zbaracki (1992), are: rationality and bounded rationality (Simon, 1960; Simon, 1965), politics and power, and garbage can  (Cohen et al., 1972). Another model is the one developed by Mintzberg et al. (1976). Building on Simon’s Intelligence, Design, and Choice trichotomy, the authors provide an alternative representation of the process applying it to unprogrammed strategic decisions, renaming the three phases into Identification, Development and Selection, and identifying a set of subphases called routines. Unlike the original rational model, it rejects the idea that the three steps occur sequentially. It allows for the possibility that phases and routines take place in any possible sequence, subject to changes, repetitions, interruptions, revisit of previous phases and cycles (Mintzberg et al. 1976). However, even in recent literature, the interest in strategic management process research is still significant. An example of a more recent elaboration is the organizational decision-making process by Trunk et al. (2020). 

2.2 Artificial Intelligence and Strategic Decision Making 
The term AI defines all those automated systems that leverage machines to mimic human brain functions, thus being able to think and learn (Russell & Norvig, 2010) and process extensive datasets (Jarrahi, 2018) and this is referred to as weak AI. Strong AI is instead supposed to emulate human thinking and possess a conscience, but it actually does not exist (Paschen et al., 2019). Common AI applications based on advanced data analysis provide insights to interpret events, support and/or automate some decisions, and perform repeated actions.AI is nowadays considered a key support tool for business decisions (Akerkar, 2019; Merlin Stone et al., 2020). However, despite its numerous applications in operational activities, researchers have recently started to consider its potential in improving decision mechanisms at a strategic level (M. Stone et al., 2020; Trunk et al., 2020). 

3. Methodology
Our study focuses on analysing research on AI adoption in strategic decision-making by means of a systematic literature review. Systematic literature reviews have become increasingly popular since they provide a rigorous scheme of the activities performed by scholars while conducting a literature review: “assembling, arranging, and assessing existing literature in a review domain (i.e., the 3 As)” producing as an outcome a “state-of-the-art understanding of existing literature and a stimulating agenda to advance understanding through new literature in the review domain (i.e., the 2 Ss)” (Paul et al., 2021, p. 2).  A systematic review aims to select and map findings of research papers that meet specific inclusion criteria, consistently with previously defined research questions, applying a replicable and transparent protocol. The adoption of such a scientific method distinguishes systematic reviews from traditional narrative reviews and allows for the reduction of bias during the review process, thus providing robustness to the findings and conclusions drawn by researchers (Snyder, 2019; Tranfield et al., 2003). The output generated is a robust overview of evidence in the research domain of interest (Petticrew & Roberts, 2008). The review has been conducted through the steps detailed in Figure 1 below. The first selection of the 168 papers and the second selection that led to the final sample of 42 was conducted based on the criterion of relevance, composed of the sub criteria detailed in the figure as part of step 2 of the analysis.

Figure 1: SLR process
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4 Findings
Based on our analysis we grouped our themes into outcome-based, process-based and antecedents-based, evidencing how the literature until now has tried to shed light on the possible positive or negative antecedents of the adoption of AI in strategic decision-making the outcomes resulting from it and some aspects characterising the process itself. In considering each theme also identified the methodologies adopted. 

4.1 Antecedents and Risks of AI Usage
The majority of the studies dealing with this topic do not explicitly refer to strategic-level decisions, but adopt a general perspective on decision-making. A part of the aspects evidenced in the current paragraph have been also extrapolated from some contributions whose focus is not only on antecedents but that provide useful insights into their findings also on this aspect of the topic. Some of the studies identified antecedents are linked to the decision-maker attitude toward AI. The behavioural anomaly of algorithmic aversion as the reluctance of managers to rely on algorithms for their decisions (Mahmud et al., 2023) is undoubtedly a great barrier to AI adoption, especially in strategic contexts, and it is dependent on individual factors as well as on communication, training, explainability, transparency and participation in the process (Brink et al., 2023). It can be influenced by what is referred to as the degree of digital/technological readiness (Eriksson et al., 2020; Kondapaka et al., 2023).
	Opposed to algorithmic aversion there is an important driver, which is represented by trust. it influences the acceptance and adoption of AI at the individual level, despite its undeniable influence also on the human-machine interaction in the decision-making process. Furthermore, Solberg et al. (2022) in their conceptual framework, explore the importance of trust, perceived risk and reliance on AI, as well as perceived control over AI. General personality traits and specific personality traits (among which the propensity to trust) have been found to influence trust in AI systems (Riedl, 2022). Cao et al. (2021) argue that the overall intention of managers to use AI depends on some framework conditions but especially on their attitude toward AI, which is influenced by both their expectations and personal concerns, and by their perceived threats. At an aggregate level, an overarching business culture (Eriksson et al., 2020) is also considered an influential factor. 	
[bookmark: _Hlk159514793]	There are then some antecedents which arise from AI characteristics and functioning.  The main factors we extrapolated from the reviewed papers are the following: budding state of AI (it may be too narrow-focused and not suitable to the type of company and its level of maturity); reliability of AI (error tolerance, biases and accuracy); ethics, data and privacy concerns (Jiang et al., 2023; Kondapaka et al., 2023), data leakage, over-reliance on intelligence decision-making, and unpredictable AI behaviours (Jiang et al., 2023). For the adoption of ASI, Metcalf et al. (2019) evidence that synchronicity may represent an issue when applying this kind of AI as well as the ability to collect participants with truly relevant knowledge for the task and issues concerning the response options. 

4.2 Outcome-orientation
We found a body of literature that explores the outcomes generated by the implementation of AI to make strategic decisions in different contexts (Anderson, 2019; Kinkel et al., 2023). Most of the contributions with this focus use quantitative approaches, mainly structural equation modelling methodology. However, some useful insights also emerge from some mixed-method and qualitative papers. 
A consistent part of quantitative studies in this category is grounded on the resource-based view of the firm (Barney, 2001) alone or combined with the dynamic capability view (Helfat & Peteraf, 2009; Teece, 2007), institutional theory (Scott, 2008) and knowledge management theory. Some of the contributions explicitly refer to specific decisions, while others do not. Many of them are positioned in the field of marketing. 

4.2.1 Impact of AI on performance measures and competitive advantage 
A subgroup identified includes all those studied that comprise an outcome variable linked to firm performance or competitive advantage on which AI impacts. For example Behera et al. (2023) investigate how the implementation of Explainable Artificial Intelligence (XAI) solutions by a consumer packaged goods retailer can drive sustainable growth. Dawning on the idea that sustainable growth is a problem of decision-making, they conceptualise a model in which XAI, being able to enhance decision-making, positively influences information systems (IS) business value, measured in terms of ability to successfully attain financial goals (financial performance) and ability to accomplish strategic goals (strategic performance), by outperforming competitors in terms of acquiring market share, increasing brand recognition, and effectively addressing competitive challenges. IS business value therefore plays a positive role in possessing a sustainable competitive advantage, which in turn eventually impacts sustainable growth. Abrokwah-Larbi and Awuku-Larbi (2023) use the construct “Artificial Intelligence in marketing” (AIM) – composed of the Internet of Things, Collaborative decision-making systems, virtual and augmented reality and personalisation – and evaluate its impact on small and medium-sized enterprises performance, driven by the ability of AI to process information and eventually generate previously unidentified insights. These insights provide SMEs with superior knowledge, thus guiding and enhancing the quality of their decisions. The operationalisation of performance made by the authors, along with the financial performance, also includes other measures ranging from a purely operational nature (internal business process performance) to a hybrid operational-strategic nature: customer performance is indeed dependent on operational decisions and actions but with strategic implications for a firm’s competitiveness, while learning and growth performance integrates some employees-level learning outcomes to some higher level outcomes, such as the ability to gather and exploit information for new products or services. Focusing on a B2B context, where customer relationship management (CRM) is considered a strategic activity, Chatterjee et al. (2021) show how the shift from legacy to AI-CRM eventually leads to organisational performance and competitive advantage improvements, because it influences B2B engagements, employee experience and information processing. A focus on customer-related measures, again in a B2B context, characterises the work by Chatterjee et al. (2022). The authors show that the integration of AI to automate some CRM decisions, improves B2B relationship satisfaction (with this relationship being negatively moderated by technology turbulence), and B2B in turn positively influences firm performance, with a positive moderating effect of leadership support. 
The impact on performance can also be considered in a broader sense, investigating the overall increase in the performance of an organisational function (i.e. increase in the performance of the purchasing function (Allal-Chérif et al., 2021)).

4.4.3 Impact of AI on specific decisions
The most common fields of study in this group are marketing and investment decisions. We found that some studies explore the role played by AI in the process that leads to location decisions, concerning both production processes and headquarters. Kinkel et al. (2023) in cross-country research in the manufacturing industry found that AI use – operationalised with an AI use index measured in terms of big data analysis, business processes planning and optimisation, and autonomous decision-making processes – is a determinant for relocation decisions of production activities (offshoring or backshoring strategies). Additionally, they document a significant positive moderating effect of digital competencies and a negative moderating effect of international ambidexterity only in the relationship between AI use and backshoring decisions. The results are explained by the fact that exploiting data and automating some decisions can enable firms to enhance control over global network activities, thus facilitating and encouraging offshoring as a suitable production location strategy. An experimental design is instead adopted by Anderson (2019) to compare the predictive power of different decision models, one of which – the modern approach – entails the use of artificial intelligence. The decision outcomes in this context concern the selection of cities for Amazon Inc. to locate its headquarters 2.	
	Other studies were conducted by applying and testing artificial intelligence algorithms to assess their performance in making specific decisions. For example, Khosrowabadi et al. (2022) conducted a study in the field of judgemental forecasting by applying a random forest machine learning algorithm. Blohm et al. (2022) investigate the support provided by machine learning algorithms in early-stage investment decisions made by business angels, by applying a gradient-boosted decision trees algorithm and providing evidence that the hypothetical performance of the algorithms is higher than the performance of business angels’ decisions in terms of returns. Eventually, as evidenced by Keding and Meissner (2021) in their experiment, the integration of AI systems strongly influences R&D decisions, and the decision-maker has a strong tendency to trust AI systems in this setting, also perceiving that it increases the quality of the decision itself. This opens up the discussion on human-machine collaboration from a behavioural perspective, delving deeper into human perceptions. Human decision-makers may not delegate strategic decisions to AI, but they may accept to be supported by it when making evaluations that lead to the final decision (e.g. investing or not). Additionally, specific AI solutions may generate specific benefits. For example, Artificial Swarm Intelligence, which does not just rely on historical and subject-specific data but on a “human database” of behavioural data, is thought to be more reliable for some kinds of predictions and the consequent decisions (such as sales forecasting context (Metcalf et al., 2019)).

4.2.3 Impact of AI on capabilities and outcome measures
[bookmark: _Hlk158314174]Some studies in this stream leverage the idea that AI can contribute to the creation or strengthening of some capabilities, which are in turn able to drive performance improvements and competitive advantage or influence a specific decision. Mikalef et al. (2023) explore the mechanism through which AI competencies influence B2B marketing capabilities (Information Management, Planning and Implementation), and in turn firm performance. In the same vein, Chen and Lin (2021) conceptualise and test a model to show how the three capabilities that compose Business Intelligence – namely sensing, transforming and driving capability (all empowered by AI solutions) – in addition to exerting an influence among each other, eventually affect firm performance. Consistently, drawing on knowledge management theory, Bag et al. (2021), incorporate in their model three variables that operationalise the capability to create knowledge on the customer, user and external market, and a decision-related variable (marketing rational decision-making). Their results confirm that knowledge creation is enhanced by Big Data powered Artificial Intelligence and positively affects decision-making, which eventually impacts performance. 	
The integration of AI in the business intelligence infrastructure also leads to improved performance appraisal capabilities, which affects competitive advantage (Wang et al., 2022). Polas and Raju (2021) account for the contribution of AI in enhancing the entrepreneurial capabilities of a firm concerning opportunity recognition, development and exploitation, thus indirectly influencing its entrepreneurial marketing decisions. Under a similar perspective, Kumar et al. (2023) investigate the effect of AI-enabled CRM capability on innovative performance measured in terms of service innovation. In all these studies, AI plays a crucial role in transforming information into usable knowledge to inform marketing decisions at all levels, including strategic ones such as product or process innovation. In the innovation field, the role played in reaching a final innovation decision also takes into account its contribution to some intermediate outcomes in terms of innovation capabilities (Recker et al., 2023). Furthermore, in a study focused on product innovation decisions, Jiang et al. (2023) evidence how the improved efficiency in the final decision is greatly due to the enhanced capability of both internal and external stakeholders to collaborate with each other, enabled by AI.

4.2.4 Impact of AI on decision-related constructs 
Some contributions explicitly account for the role of a decision-related variable (alone or in addition to a capability-related variable) in influencing performance. These constructs generally express a measure of decision-making performance in terms of accuracy, precision, reliability, time and effort (Speier et al., 2003). Rahman et al. (2022) test and confirm the hypothesis that marketing analytics capability – the ability to gather, organise, and examine data to obtain valuable insights for marketing decisions – is positively related to competitive marketing performance. This capability is strategic in nature: on the one hand, it allows a more aware product and differentiation based on a deeper understanding of customer needs, on the other hand, it supports learning about and reacting to the competitive environment. A relevant finding of their work is that this relationship is mediated through holistic marketing decision-making and strengthened by the adoption of AI, which also positively moderates the connection between marketing analytics capability and holistic marketing decision-making. In this stream, Krakowski et al. (2023) propose a more complex conceptualisation of the relationship between AI, human capabilities, and competitive advantage. What they find is that the substitution of human cognitive capabilities, which are considered strategic to gain competitive advantage, with a widely accessible resource such as AI, would eventually erode competitive advantage, and this is consistent with the RBV theoretical framework. However, their results also show that the combination of human cognitive capabilities referred to previously unrelated domains and machine computational capabilities generates new and enduring advantages. Therefore, according to these findings, the evaluation of the role of AI in enhancing competitive performance should take into account the degree of support provided to human decision-makers.	
	Using the lenses of ambidexterity theory, Artificial intelligence, along with Big Data and an adequate human-AI interface, is also thought to influence decision quality, decision makers’ rationality as well as their intuition (Di Vaio et al., 2022). 

Figure 2:  Overview of outcome-based findings
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4.3 Process Orientation
Based on our analysis we identified a theme that focused on the decision-making process rather than its outcome. Quantitative studies in this theme are mostly characterised by experimental design approaches (natural experiment, behavioural experiment, vignette-based experiment) with some studies adopting a structural equation modelling methodology. Concerning qualitative empirical contributions we found some of them deal with the topic while also focusing on specific types of decisions, marketing strategic decisions (Eriksson et al., 2020), purchasing decisions(Allal-Chérif et al., 2021), product innovation decisions (Jiang et al., 2023; Recker et al., 2023), others instead adopt a general approach to strategic decision making. 

4.3.1 Delegation
A large and varied body of literature explores the facets of human-machine collaboration within the decision-making process. The first aspect to be highlighted in this field is delegation, the mechanisms through which the collaboration itself can take place. Schneider and Leyer (2019) investigate the willingness of managers to delegate strategic decisions to algorithms depending on the decision complexity and situational awareness of the decision-maker. They find that the degree of complexity does not actually influence the likelihood of delegating, while low levels of situational awareness significantly lead to a higher likelihood of delegating the decision to an algorithm. According to Fügener et al. (2022), delegation may occur in both directions: humans to algorithms and vice versa. Indeed, humans are endowed with hidden knowledge that does not fully manifest itself in human behaviour and, therefore, cannot be “taught” to machines but, conversely, machines have a great potential in discovering solutions that go beyond human processing capacity. Therefore, complementarities exist between the two actors and this represents the starting point of delegation. The combined performance resulting from the collaboration between the two actors should be higher than the performance of the best-performing actor, but it depends on the ability to properly exploit the delegation mechanism. However, as emerges from their experiments, humans are less likely to delegate effectively due to the lack of sufficient metaknowledge, the knowledge that allows one to be aware of one’s own abilities and of the actual difficulty of the task to be addressed with those abilities. On the contrary, AI is effective in delegating to humans. The collaboration based on delegation may take different forms: hybrid (human-to-AI and AI-to-human) sequential decision-making and aggregated human-AI decision-making (Shrestha et al., 2019).

4.3.2 Complementarity knowledge and skills
Other studies instead aimed at unveiling how this collaboration occurs in terms of skills and cognitive abilities complementarity. In particular, they attempt to shed light on the relationship between the two actors in a strategic decision-making context, a fundamental aspect brought up to the discussion is the different knowledge they can exploit. Explicit knowledge, codified and stored, is the easiest to be transferred to and processed by AI systems. Tacit knowledge is instead rooted in experience and this characteristic prevents the possibility to train AI algorithms with it (Kondapaka et al., 2023). However, the tacit knowledge possessed by individuals is thought to make the difference when it comes to strategic decisions, which Metcalf et al. (2019) refer to as known unknown. As emerges from the study by Kondapaka et al. (2023), along with tacit knowledge, in a strategic context there are some human characteristics that are hard to imitate by AI and therefore define the role of the human decision-maker: experience, creativity, judgment, wisdom. On the other hand, the role played by AI is justified by its ability to extract patterns from data and may consist of supporting, assisting, reviewing, consulting, inspiring or helping. According to their findings, the harmonisation of the two roles can be reached by connecting the two actors effectively and by reaching the right balance between explicit and tacit knowledge. Therefore, as pointed out by Eriksson et al. (2020), the role played by AI in strategic decision is mainly linked to its rational abilities: it identifies, processes and reviews relevant information that will eventually influence the decision. However, some of the interviewed experts argue that AI can also make the decision, with the manager acting as a supervisor. This is consistent with the evolution of AI toward the inclusion of creative analytics tasks, which can also support product innovation. According to Recker et al. (2023) the introduction of machine designers that completely replace human designers is able to disrupt product innovation,  by performing two core innovation capabilities that characterise the innovation process: searching and discovering and generating design options. Humans can supervise these machine designers, but a good human-machine designer orchestration is needed in order to guarantee the required coordination in some key aspects: configuration, sequencing, problem domain, and innovation goal. In each of the mentioned aspects, human-machine collaboration may take place in different ways, depending on the decision range. Concerning configuration, one-to-one, one-to-many, many-to-one, or many-to-many interactions may occur. The sequencing aspect opens up to human-first, machine-first, or synchronous interaction possibilities. Concerning the problem domain in which the innovation is sought, machine designers are thought to perform best in well-structured problem domains if directed by humans, but they are instead able to work under delegate autonomy via unsupervised machine learning when it comes to discovering patterns in large datasets humans wouldn’t be able to scrutinise. Eventually, even the innovation goal (problem-driven or solution-driven) may influence the level of reliance on machine designers. According to the authors, the optimisation of human-machine ensemble orchestration can be pursued by weighing up three different aspects: kind of product design, rate of innovation, and potential bias. As emerged also in some quantitative studies, a key aspect of a successful collaboration between the two players is represented by trust. Still in the product innovation field, Jiang et al. (2023) analyse the iterative product innovation process, pointing out another particular aspect of how AI can assist humans: the enablement of enhanced interactions between internal and external stakeholders involved in the decision from the origination stage to the marketisation stage, allowing to leverage feedback information to feed the iteration loops. 
In line with the idea of reaching a harmonious level of collaboration between the two actors, the achievement of a higher-level intelligence can also occur thanks to the implementation of a particular type of AI solution, the so-called artificial swarm intelligence (ASI). This is relevant when dealing with known unknown strategic decisions since it allows groups of highly competent individuals to work and collaborate as a unique “supermind” (Metcalf et al., 2019). The computational power of AI in such applications is exploited not just to extract insights from data (e.g. machine learning algorithms), but to realise a powerful collaboration between individuals that can provide a valuable contribution to the decision, thus leveraging both explicit and tacit knowledge. 
A different perspective on knowledge and skills interaction is offered by the idea that AI augments human tacit knowledge by supporting humans’ learning processes. AI has been proven to be an effective artificial learning partner that supports humans in learning strategic interactions, imitating the behaviour and responses of human opponents, thus compensating for the limited training ability of real opponents. This has been tested by Gaessler and Piezunka (2023) in a difference-in-difference framework based on two computer chess natural experiments. The interactions occurring in such an experiential learning context, despite being far from real-life strategic situations, are thought to be useful examples of complex strategic interactions where the potential of AI in supporting human learning can be tested. The results of these AI-backed computer simulations show that players who trained with AI are more likely to win. However, the study also highlights how, since AI is not affected by idiosyncratic mistakes (blunders) due to distractions, lack of memory or temporary mood, AI-trained players are less capable of taking advantage of opponents’ mistakes to eventually win the game.  In this sense, AI cannot be considered a perfect substitute for humans in the training process. Furthermore, they also show that disadvantaged actors are those who benefit more from AI-based training because it compensates for differences in skills distribution. 
A few studies focus on specific decision situations characterised by risk and uncertainty. The analytical model developed by Boyacı et al. (2023) delves deep into the interaction between the two types of intelligence (human and artificial) and to what extent they can complement each other, in decisions under uncertainty. On the one hand, humans have the flexibility to draw various sources of information, including the precious domain of human knowledge, on the other hand, machines, which are rigid in this sense, are instead more efficient in processing those information. It turns out that an overall increase in decision accuracy occurs due to the support of machines. Furthermore, machines are expected to reduce humans’ cognitive effort because they provide information at no cost. However, according to the authors’ findings, contrary to expectations this is not always the case: machines turn out to increase the cognitive effort when the decision maker is uncertain about the optimal state and is already under a significant cognitive load, whilst they decrease these efforts when the decision maker is relatively confident about the optimal state. This study is rooted in the idea that the collaboration between humans and artificial intelligence can be beneficial in the decision-making process under uncertainty. 
In the attempt to conceptualise how machine learning contributes to entrepreneurial decision Lupp (2022) delineates how the contribution of ML to the two entrepreneurial decision logics of effectuation and causation, respectively preferred in uncertain situations and risky situations, are influenced by ML, which adds further understanding on how humans collaborate with machines. 

4.3.3 Intuition
In analysing the human-machine interplay, a key aspect pointed out by various scholars, especially in conceptual papers, is intuition, to which humans generally resort for complex decisions (Simon, 1957). Indeed, AI can contribute to both rational and intuitive decision-making, which characterises many strategic contexts. The support provided to the former is due to its computational power that allows it to analyse historical data as well as identify and compare different courses of action. However, surprisingly, it can also support the latter. It is undeniable that the reliance on intuitive decision-making on past experiences and feelings that cannot be taught to AI as well as the lack of data on similar situations that occurred in the past, both prevent AI from providing useful guidelines to make intuitive decisions. However, it is anyway thought that AI indirectly contributes to the creation of tacit knowledge that feeds the cognitive structures of managers by means of the insights provided in those situations where historical data are available and that eventually feed managers’ intuition (Tabesh, 2022). Human-machine collaboration in decision-making can be seen as a partnership built on a strict division of work, based on the advantages of each of the two partners. In decision-making situations characterised by uncertainty, complexity, and equivocality, none of the two actors would be sufficient alone. In facing uncertainty, humans contribute by means of their intuition to face the unknown and AI provides access to useful real-time information. Confronting complexity, humans identify the necessary data and the sources, AI is responsible for collecting and processing it and humans, again, will be able to select the best course of action among alternatives equally supported by data. Eventually, in dealing with equivocality, AI contribution consists of analysing sentiments and providing possible interpretations while the human role mainly implies negotiation and the tentative to build consensus. However, humans are considered to have a superior performance in such situations due to their ability to consider the big picture and evaluate some qualitative contextual aspects such as political and social situations (Jarrahi, 2018). (See Shepherd and Majchrzak (2022) on how it contributes to entrepreneurial activity and decisions). According to Vincent (2021), the key to an effective collaboration between human intuition and AI lies in two factors: a high level of expertise of the decision maker and the ill-structured nature of the decision. On the one hand, individual expertise based on domain-relevant knowledge, which is crucial to making intuitive decisions in the specific domain, provides the decision-maker with a sufficient level of confidence to delegate to AI. On the other hand, in the case of structured decisions predominantly derivable from logical analysis, the dominant trend would be to fully delegate to AI, since humans cannot compete with its analytical capability. The author proposes two different approaches that differ in the sequencing of how intuition is combined with AI: the confirmatory method and the exploratory method. The former is preferred when few decision alternatives are available and consists of submitting to the evaluation of AI the alternative previously identified by the decision maker. The latter is instead suitable when many alternatives emerge and involves using AI to narrow down the set of possible alternatives, which are subsequently evaluated by the decision maker, who is thus released from the demanding task of processing a large amount of information. 

4.4.4 Bias
Another aspect that influences human-machine performance and their interplay in the decision-making process and that deserves even more attention at a strategic level is represented by bias. Not only humans but also machines are affected by biases in their predictions and decisions. Edwards and Rodriguez (2019) clarify how six relevant types of bias typically associated with humans can indeed affect both machines that perform analytics and humans in relating to it at the different stages of the analytics process (acquisition, information extraction, data integration, analytics and interpretation). They are referred to as bias towards the first information received, keeping the status quo, justifying past choices, supporting instinct, problem-solving methods affecting decisions, and lacking forecast feedback. The authors also propose some strategies to overcome them. Similarly, Van Giffen et al. (2022)  highlight some biases affecting machines in the different data mining phases and suggest mitigation strategies: social bias, measurement bias, representation bias, label bias, algorithmic bias, evaluation bias, deployment bias, and feedback bias. Their resolution always requires human intervention. Conversely, some behavioural biases affecting human decision-makers can be circumvented by means of algorithms (Hasan et al., 2022). These biases may lead to suboptimal decisions (Brintrup et al., 2023) and exert several effects on the business, including compromised brand reputation, loss of value proposition and sacrificed market opportunities (Bansal et al., 2023). 

5. Discussion and Future Avenues for Research
Our thematic analysis led us to identify three macro areas of research on the topic of AI support to strategic decisions: antecedents, outcome-oriented and process-oriented. What is worth noting is that research on antecedents is still scarce. A lot of research has indeed been conducted on antecedents of AI in decision-making at more operational or tactical levels, but the strategic level requires further investigation. No qualitative research has been conducted with the primary objective to investigate antecedents of AI in strategic decision contexts. 	
	The macro theme of outcome-based findings is characterised by a prevalence of quantitative studies aimed at providing evidence of the relationship between AI adoption and different types of performance and competitive advantage measures. Some studies adopt a general approach to decision-making, thus providing insights applicable at the different decision levels, others focus on specific decisions such as innovation, R&D, investment decisions, marketing decisions (especially B2B strategies), and location strategies. However, on the one hand, the studies with a narrow focus are limited in number, on the other hand, there is a wide range of strategic decisions to be explored yet. Future studies may therefore further investigate the above-mentioned decisions as well as explore whether and how decision-makers could take advantage of AI support in new market entrance, alliance decisions or internationalisation decisions. The introduction of decision-related variables that account for decision efficiency explicitly is a quite recent trend. Furthermore, AI adoption, even in contexts concerning decisions with strategic implications, is often considered alongside operational-level efficiency improvements. Further investigations are needed to unveil the mechanisms that lead to the evidenced performance improvements. Additionally, in this theme, the introduction of decision-related variables that account for decision efficiency explicitly is a quite recent trend. Future quantitative studies may identify further decision-related constructs and provide evidence of this relationship.
	The process-oriented theme brings out several insights and inspirations for future research. From the analysis of the contributions in this field and adopting a process perspective, it can be noted that AI's role in strategic decision-making may not necessarily be confined to a support/advisory role (giving advice or suggesting a solution). His role may change depending on the activity involved in the decision-making process: AI can substitute humans in the computational activities involved in even strategic decisions and may complement humans in the final stages of the process where human intuition is empowered by the insights emerging from advanced analytics. The key and irreplaceable importance of humans is undeniable when previously domain-unrelated cognitive capabilities (Krakowski et al., 2023) are required, in ill-structured decision contexts (Vincent, 2021). Qualitative investigation may lead to a deeper understanding of human-machine synergy at the different stages of the strategic decision-making process by Mintzberg et al. (1976) (Identification, Development and Selection) with the purpose of revealing the differences in knowledge and skills complementarity. 

Table 1: Future research agenda
	Findings
	Future research questions

	Antecedents
	Which are all the human-related and machine-related antecedents of AI at a strategic level? 

How do they impact the collaboration of AI at the different stages of strategic decision-making?

	Outcome-oriented findings
	What part of the performance improvements is dependent on the operational efficiency and how much is resulting from the advanced ability to exploit strategic knowledge?

Do knowledge management capabilities linked to both tacit and explicit knowledge mediate the relationship between AI and decision performance?

	Process-oriented findings
	How does human-machine synergy take place at the different stages of the strategic decision-making process?

Are there differences in knowledge and skills complementarity at the different stages?

Does AI contribute to tacit knowledge and intuition enhancement?




6. Conclusion and Implications
Our presents an overview of the role played by AI in the strategic decision-making process. Indeed, despite the enormous interest in AI's contribution to organisational activities and decisions, no reviews have been conducted with a strategic-level focus. Our findings provide valuable insights to both academics and practitioners and aim to stimulate further research in the field, arguing that AI's contribution may be significant not only at an operational or tactical level but also in making high-impact strategic choices. However, our study has some limitations. Findings are limited to the databases of WoS and Scopus and are affected by our choice of keywords as well as by the manual selection of the final sample of contributions. Second, other AI-related terms may be considered for future developments. Eventually, no primary data was used to support our research agenda.  
Our study has some managerial implications. It provides insights for a deeper understanding of the AI-empowerment of strategic decision making, which is a crucial process for firms’ success and growth. In particular, it can contribute to enhance manager’s awareness on the possible short-and long-term effects of integrating AI in this process as well as on the way it can be exploited to create real synergies. AI can  be enabled to fully take advantage of the data available for the creation of both explicit and tacit knowledge, for  strategic scenarios’ creation and enhanced predictions.
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