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ABSTRACT 

 
Generative AI is rapidly entering strategy work, yet the same tools that accelerate orientation and 
idea generation can undermine the credibility of strategic judgment. In strategizing, this tension is 
structural: because strategic decisions are interdependent, committing, and competitively 
constitutive, scanning and interpretation open decision sequences in which sensemaking errors 
compound rather than remain locally correctable. How strategists evaluate AI inside these early, 
binding tasks—and how those evaluations shape their reliance on it—remains poorly understood. 
Drawing on a two-phase qualitative study comprising 54 semi-structured interviews with AI-
experienced strategists, we show that strategists experience AI as a simultaneous fit and misfit 
within scanning and interpretation, and that these appraisals shift across the handoffs through 
which AI outputs travel toward strategic commitment. We theorize reliance calibration as the 
mechanism linking these appraisals to outcomes: under enabling conditions, strategists keep 
reliance within defensible bounds; when those conditions are weak, they overrely or underutilize, 
and the consequences propagate through the decision sequence. The study contributes a theory of 
how AI affects strategic judgment where decisions guide and constrain other decisions, extending 
research on strategic sensemaking, task-technology fit, and appropriate reliance on AI. 
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1. Introduction  

Strategists today routinely use artificial intelligence to scan their competitive environment and 

interpret what they find. This is unremarkable. What is remarkable—and theoretically 

unresolved—is that they do so within a decision architecture that makes errors in how they make 

sense of their environment structurally consequential. Strategic decisions are not isolated events: 

their value depends on how choices cohere with choices made elsewhere in the firm, by rivals, and 

at earlier points in time that now constrain what remains available (Leiblein et al., 2018; Porter, 

1996; Rivkin, 2000). A sensemaking error at either stage does more than produce a poor judgment 

in the moment. It enters a binding sequence in which it shapes what gets committed, and what gets 

committed next: cognitive representations formed under distorted scanning constrain what 

capabilities and choices remain available, binding the firm to a competitive position it can no 

longer freely exit (Ghemawat, 1991; Sydow et al., 2009; Tripsas & Gavetti, 2000). What makes 

this consequential for AI is not AI's power but its position: it enters at the opening of a sequence 

the rest of which it shapes. 

The sequence runs through the sensemaking process, and this is precisely why position 

matters: Environmental scanning outputs become the evidential foundation for its interpretation; 

interpretation becomes the cognitive basis for resource commitment in action; commitment enacts 

the competitive position the firm must subsequently defend (Daft & Weick, 1984; Thomas et al., 

1993). What AI shapes at the scanning stage is therefore meaning rather than information: the 

interpretive premises on which strategic action is authorized. Research on strategic sensemaking 

has established this much: that scanning and interpretation are the core activities through which 

strategists notice competitive cues, construct meaning, and prepare action (Daft & Weick, 1984; 

Weick, 1995), and that this work is oriented prospectively—toward a future the firm has not yet 
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entered—rather than confined to reconstructing what has already occurred (Gephart et al., 2010; 

Kaplan & Orlikowski, 2013; Sakellariou & Vecchiato, 2022). What this literature has not yet 

addressed is what happens when an agentic AI—one that generates, evaluates, and begins to 

execute strategic options (Camuffo et al., 2026; Murray et al., 2021)—operates inside this 

sequence, shaping the interpretive premises on which the rest depends. 

This matters because AI's capability is structurally misaligned with the demands of this 

work. Large language models demonstrate performance approaching expert benchmarks on tasks 

including information synthesis, option generation, and strategic evaluation  (Csaszar et al., 2024; 

Doshi et al., 2025). But this capability is jagged (Dell'Acqua et al., 2023): the tasks at the core of 

strategic sensemaking—novel competitive contexts requiring theory-based causal inference, 

interpretations grounded in specific organizational history and competitive position, assessments 

made under genuine uncertainty—lie systematically outside AI's reliable zone (Felin & Holweg, 

2024). In these settings, AI outputs are not just uncertain; they can be confidently wrong in 

contextually fragile ways, difficult to detect precisely where decisions are most committing and 

verification is most costly (Hannigan et al., 2024). Strategists are thus caught in a structural 

tension: AI is most attractive as a cognitive partner in exactly the sensemaking tasks where its 

outputs carry the highest epistemic risk—and where the commitments those outputs will inform 

are costliest to reverse. We therefore ask: How do strategists calibrate their reliance on AI during 

environmental scanning and interpretation—the early, binding stages of this sequence—and with 

what outcomes? 

Existing frameworks that bear on this question reach it only partially. The appropriate 

reliance literature has established how people track AI accuracy and adjust reliance in single-shot, 

consequence-bounded decisions (Lee & See, 2004; Schöffer et al., 2025)—but this framing does 
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not travel to settings where miscalibration generates compounding downstream consequences 

across interdependent choices. Task-technology fit theory has mapped how alignment between 

task demands and tool capabilities shapes performance (Goodhue & Thompson, 1995; Strong & 

Volkoff, 2010), yet it stops short of engaging how interdependence across a decision sequence 

alters the stakes of fit–misfit appraisals at each stage. The growing literature on AI in strategy has 

done much to establish what AI can do strategically  (Csaszar et al., 2024; Doshi et al., 2025; 

Krakowski et al., 2023), but it asks whether AI can perform strategic tasks, not how strategists 

calibrate reliance when those tasks are embedded in sequences where a local error becomes a 

structural one. 

We address this question through a two-phase qualitative inquiry based on 54 semi-

structured interviews with AI-experienced strategists. Our study advances theory on three fronts. 

We explain why AI reliance in strategic sensemaking is a structurally distinct problem—because 

prospective sensemaking is intertemporal and binding, AI errors enter a sequence in which their 

consequences compound across interdependent decisions rather than correcting at the point of 

origin, establishing AI reliance in strategy as theoretically separable from human-automation 

interaction in general. Building on this, we develop reliance calibration as the micro-process 

linking strategists' fit–misfit appraisals of AI to reliance outcomes, specifying the enabling 

conditions under which calibration succeeds versus degrades into overreliance or underutilization 

(Dietvorst et al., 2015; Parasuraman & Riley, 1997). We further identify trajectory-level fit–misfit 

dynamics: because scanning and interpretation are coupled stages of a single sensemaking 

sequence rather than independent tasks, AI fit appraisals at one stage shape—and can reverse—

appraisals at the next. Together, these findings extend research on strategic sensemaking (Daft & 

Weick, 1984; Thomas et al., 1993), task-technology fit (Goodhue & Thompson, 1995), and 



THE PERCEIVED FIT–MISFIT TENSION OF AI 

5 
 

appropriate reliance in human-AI collaboration (Glikson & Woolley, 2020; Lee & See, 2004) by 

theorizing AI reliance in strategy as a problem of sequentially interdependent judgment—not 

point-in-time accuracy calibration. 

2. Theoretical Background: AI-Enabled Strategic Sensemaking in Strategizing 

Strategists play a pivotal role in shaping firms' strategic direction through their engagement in the 

strategy process (Hutzschenreuter & Kleindienst, 2006; Krogh et al., 2021). They are responsible 

for defining organizational goals (Gioia & Chittipeddi, 1991; March & Simon, 1958; Simon, 

1947), recognizing and interpreting critical environmental issues (Isabella & Waddock, 1994; 

Miller & Lin, 2022; Thomas & McDaniel, 1990; Thomas et al., 1994), and initiating strategic 

actions to secure organizational success (Chattopadhyay et al., 2001; Dutton & Ashford, 1993; 

Hambrick & Mason, 1984; Plambeck & Weber, 2010). Strategizing involves diverse actors such 

as corporate planning teams, external strategy consultants  (Whittington, 1996), middle managers 

(Dutton et al., 1997), or upper echelons (Hambrick & Mason, 1984). Due to the collective nature 

of these activities, strategizing is fundamentally a social endeavor (Jarzabkowski et al., 2007).  

Although the outcome of strategizing profoundly affects organizations at the macro level, 

this research explicitly focuses on the micro-level processes, examining how individual strategists 

interact with emerging technologies like AI. Such technologies are increasingly reshaping how 

strategists perceive, interpret, and respond to environmental changes (Constantiou et al., 2023; 

Weiser & Krogh, 2023). To do this, we first specifically highlight several relevant aspects of 

strategizing for this study, which are elaborated in the following subsections.  
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2.1 Strategizing as Micro-Level Sensemaking  

Strategic sensemaking is a critical micro-level activity through which strategists process 

environmental signals, trends, and developments that could significantly influence organizational 

performance (Burgelman et al., 2018; Jalonen et al., 2018). It involves recognizing issues and 

constructing meaningful interpretations from ongoing environmental cues before developing 

responses (Bansal et al., 2018; Maitlis & Christianson, 2014; Weick et al., 2005). Hence, 

strategizing includes evaluative judgment—deciding what counts as credible, relevant, and 

defensible under ambiguity, time pressure, and uneven evidence (Daft & Weick, 1984; Maitlis & 

Christianson, 2014; Weick, 1995). In practice, sensemaking and strategy making often surface 

competing demands such as plausibility versus accuracy, speed versus assurance, and alternative 

framing versus contextual validity (Barnard, 1938; Kaplan, 2008; Quinn, 1991; Weick, 1995). 

Drawing on foundational sensemaking research (Weick, 1979, 1995), scholars have identified 

three essential sensemaking activities: scanning, interpretation, and action (Daft & Weick, 1984; 

Thomas et al., 1993).  

Specifically, scanning involves systematically gathering environmental information 

(Aguilar, 1967; Hambrick, 1982). Interpretation refers to deriving meaningful insights from this 

information (Anderson & Nichols, 2007; Dutton et al., 1983; Miller & Lin, 2022; Thomas et al., 

1993), for instance, by categorizing them as threats or opportunities (Dutton & Jackson, 1987; 

Jackson & Dutton, 1988). Those two activities involve strategic analysis and formulation, in which 

strategists assess internal and external environments, analyze relevant information, evaluate 

options (Hutzschenreuter & Kleindienst, 2006; Krogh et al., 2021), and discuss opinions for 

initiating change (Alt & Craig, 2016; Dutton & Ashford, 1993). Traditionally, sensemaking 

literature emphasized retrospective processes, focused on interpreting past events to understand 
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what has occurred (Weick, 1995). More recent scholarship, however, increasingly recognizes 

sensemaking as prospective, oriented towards future events and possibilities (Gephart et al., 2010; 

Maitlis, 2005; Sakellariou & Vecchiato, 2022). In strategic contexts, this prospective dimension is 

critical as strategists must anticipate future developments and prepare their organizations 

accordingly, connecting past experiences and present observations, and developing future-oriented 

plans (Kaplan & Orlikowski, 2013).  

What makes this sensemaking work strategic, however, is less the importance of the issues 

it addresses than the decision architecture in which it is embedded. Strategic decisions are 

characterized by commitment—choices that are costly to reverse and that bind future action 

(Ghemawat, 1991); by interdependence—their value depends on coherence with other choices 

made contemporaneously, over time, and across actors (Leiblein et al., 2018; Porter, 1996; Rivkin, 

2000); and by competitive interaction—their payoffs depend on the responses of rivals, such that 

heterogeneity in how firms decide is itself a source of advantage or disadvantage (Leiblein et al., 

2018). Managerial deliberation can be consequential and accountable without exhibiting any of 

these properties; strategic decision-making exhibits them jointly. Given the interdependent nature 

of the sensemaking activities, where effective scanning affects interpretation outcomes and both 

activities subsequently shape strategic actions (Anderson & Nichols, 2007; Dutton & Duncan, 

1987; Tapinos & Pyper, 2018), scanning and interpretation are thus not isolated judgment tasks: 

scanning outputs become the evidential basis for interpretation, interpretation becomes the 

cognitive basis for resource commitment, and commitment locks the firm into a competitive 

position that it must then defend (Daft & Weick, 1984; Thomas et al., 1993). An error at these early 

stages is therefore not locally contained—it propagates through interdependent choices, is locked 

in by commitment, and is difficult to detect under the prospective uncertainty that strategy work 
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entails (Sydow et al., 2020; Tripsas & Gavetti, 2000). This premise organizes our theorizing: it is 

why we concentrate on scanning and interpretation as the stages at which the premises of 

subsequent strategic commitments are set, it informs the propositions we develop, and it grounds 

the null hypotheses and boundary conditions we articulate in the discussion. 

2.2 Contemporary AI for Strategizing  

Strategizing is an intelligence-intensive endeavor (Eisenhardt & Zbaracki, 1992; Stubbart, 1989). 

It demands substantial cognitive resources—especially sensation, perception, and interpretation—

needed for effective sensemaking (Helfat & Peteraf, 2015). Yet managers operate under critical 

cognitive and temporal constraints that limit their ability to notice and process relevant 

environmental signals (Hambrick & Mason, 1984; Laamanen et al., 2018; Ocasio, 1997; Simon, 

1947). To cope, organizations increasingly deploy digital technologies—such as interactive 

platforms, data-visualisation tools, and communication systems—to augment strategic 

decision-making  (Jarzabkowski & Kaplan, 2015; Jarzabkowski & Paul Spee, 2009; Malik et al., 

2025). As digital transformation deepens, these technologies now undertake tasks once reserved 

for human strategists, including strategic scanning and interpretation (Constantiou et al., 2023). 

Recent advancements in AI represent a significant frontier in computing (Berente et al., 

2021) aiming to replicate intelligent human-like behavior (McCarthy et al., 1955). Contemporary 

AI technologies differ markedly from earlier static, rule-based expert systems (Berente et al., 2021; 

Yoon et al., 1995) through their dynamic ability to learn from data, enabling operations in novel 

scenarios (Balasubramanian et al., 2022; Rahwan et al., 2019). Within this realm of machine 

learning, two fundamental approaches merit distinction: Predictive AI (PredAI), which excels in 

forecasting outcomes, such as capital returns, and Generative AI (GenAI) (Hutzschenreuter & 

Lämmermann, 2025; Raisch & Fomina, 2024). Notably, GenAI has garnered significant attention 
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in recent years for its capacity to produce human-like text, images, audio, and video (Boussioux et 

al., 2024; Feuerriegel et al., 2024). A central development within GenAI is large language models 

(LLMs), which demonstrate advanced contextual understanding by predicting subsequent words 

from extensive textual data—enabling complex reasoning and problem-solving (Boussioux et al., 

2024; Brown et al., 2020; Murphy, 2023), as well as effective human-machine interaction, for 

instance by answering questions (Wei et al., 2022). LLMs have shown superior performance in 

diverse domains, including innovation productivity and creativity (Bouschery et al., 2023; Eapen 

et al., 2023), empathetic communication (Yin et al., 2024) and excelling in professional 

examinations (Geerling et al., 2023; Girotra et al., 2023). Recognizing the significant and 

exceptional breadth and depth of capabilities of contemporary PredAI and GenAI, this research 

particularly targets these state-of-the-art learning algorithms as its primary focus when referring to 

AI or contemporary AI. 

Given these developments, discussions around AI agency have intensified (Krakowski, 

2025; Murray et al., 2021; Vanneste & Puranam, 2025), focusing on the human perception of AI’s 

seemingly independent capacities to think, plan, and act  (Gray et al., 2007). Considering the 

cognitive limitations of strategists, especially during demanding tasks such as strategic 

sensemaking (Laamanen et al., 2018), contemporary AI is a valuable collaborator (Jarvenpaa & 

Klein, 2024; Krakowski, 2025; Raisch & Fomina, 2024; Weiser & Krogh, 2023). Thus, such 

algorithms present promising opportunities to enhance the work of strategists by assisting in 

developing business models, evaluating strategic alternatives  (Doshi et al., 2025), generating 

novel business ideas, and analyzing competitors (Boussioux et al., 2024; Dell'Acqua et al., 2023). 

Nevertheless, AI also exhibits critical limitations. Its probabilistic reasoning can lead to 

biases or inaccuracies—commonly known as "hallucinations"—prioritizing plausibility over 
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accuracy (Bubeck et al., 2023; Ji et al., 2023). Such inaccuracies are particularly challenging for 

users to detect due to the complex and opaque ("black box") nature of these AI systems 

(Feuerriegel et al., 2024; Spitale et al., 2023). Moreover, AI algorithms' performance generally 

depends on the quality and scope of input data, further increasing the risks of embedded biases 

(Bean, 2017; Russell & Norvig, 2022). Consequently, scholars emphasize AI's augmentation rather 

than substitution role by viewing it as a complement to human capabilities (Balasubramanian et 

al., 2022; Krakowski, 2025; Raisch & Krakowski, 2021).  

2.3 The Relevance of Task-Technology Fit–Misfit in Strategizing 

Crucially, the effectiveness and value of any technological addition depend on achieving 

what prior work calls “fit”—the alignment between a technology’s capabilities and the demands 

of the task it supports (Goodhue & Thompson, 1995; Hahn & Wang, 2009; Jeyaraj, 2022; Liu et 

al., 2017). Although the notion of fit originated in biology—where “survival of the fittest” 

describes how well species align with their environment (Spencer, 1864)—management scholars 

have long highlighted analogous alignment needs in strategy (Venkatraman, 1989) both with firms’ 

external environments (Bain, 1956; Porter, 1979) and with internal organizational elements such 

as structure (Chandler, 1962; Rumelt, 1974). 

Within the technology domain, fit denotes the degree to which a tool’s features match the 

requirements of its intended tasks (Goodhue & Thompson, 1995). Evidence shows that fit—or its 

absence—strongly influences utilization and performance, particularly in managerial work that is 

non-routine, time-critical, and interdependent (Gebauer et al., 2010). Yet studies of technology fit 

rarely engage strategic decision-making directly, even though strategy work exhibits unusually 

high interdependence across actors, time horizons, and decisions (Leiblein et al., 2018). Given the 
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far-reaching consequences of strategic choices (Eisenhardt & Zbaracki, 1992; Leiblein et al., 

2018), evaluating whether emerging technologies enable—or hinder—those choices is essential. 

Moreover, the relationship between tasks and technology is nuanced, as technologies can 

demonstrate a fit, which is the ideal state, or varying degrees of misfit—such as an overfit or an 

underfit—by providing functionality that exceeds or falls short of task requirements (Howard & 

Rose, 2019; Junglas et al., 2008). For example, big-data analytics may handle massive datasets but 

still misfit if its interface is unnecessarily complex or lacks a crucial feature set (Muchenje & 

Seppänen, 2023). Importantly, the fit between a task and technology is rarely binary; specific 

technological features can fit some aspects of a task while simultaneously misfitting others 

(Howard & Rose, 2019).  

2.4 Relying on AI in Strategizing  

Introducing contemporary AI technologies into strategizing amplifies this evaluative workload 

because AI outputs can be simultaneously useful and risky—especially when systems are 

inscrutable and errors are difficult to anticipate ex ante (Berente et al., 2021; Burrell, 2016; Raisch 

& Krakowski, 2021). As a result, strategists adopt contemporary AI for strategic sensemaking—

especially scanning and interpretation—but continually evaluate when AI supports their task 

requirements and when it undermines them. Given this decision architecture, such evaluation is 

not a generic usability judgment: what strategists accept from AI at these stages becomes the 

premise of interpretations and commitments that guide and constrain subsequent choices, so 

reliance decisions are weighted by their downstream consequences rather than by local task 

performance alone. 

Consequently, the integration of contemporary AI fundamentally reshapes trust dynamics, 

necessitating an improved understanding of its generative and probabilistic nature (Krakowski, 
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2025). Trust, in turn, significantly influences users’ reliance on AI, impacting collaborative 

effectiveness and outcomes (Bankins et al., 2024). However, research indicates that users' struggle 

to evaluate AI’s fit for a task impacts trust formation in AI. Specifically, the iterative advancements 

and inconsistent ("jagged”) capabilities of GenAI (Baig et al., 2024; Dell'Acqua et al., 2023) 

complicate the strategist’s ability to assess the suitability of the technology for particular tasks, 

leading to variability in trust and use of it (Dell'Acqua et al., 2023; Glikson & Woolley, 2020; 

Vanneste & Puranam, 2025). Strategists must therefore continuously validate AI’s performance to 

mitigate the risk of excessive trust (Lebovitz et al., 2022), but still, there is a risk of blind 

overreliance on it by risking unfavorable outcomes (Dell'Acqua et al., 2023; Hoff & Bashir, 2015; 

Keding & Meissner, 2021). Conversely, inaccurate outputs from AI can diminish user trust 

(Bubeck et al., 2023), resulting in algorithmic aversion—where users unjustifiably disregard the 

technology (Dietvorst et al., 2015) despite its potential task superiority (Logg et al., 2019). Hence, 

scholars highlight humans’ need to understand AI’s nature to find a “fit” for effective collaboration 

(Einola & Khoreva, 2023). This study further investigates these nuanced dynamics by exploring 

the tension between AI's perceived fit and misfit within strategic sensemaking tasks and examining 

its implications for the collaborative effectiveness of strategists and AI, an area largely unexplored 

so far. 

In this context, we define perceived AI fit as strategists’ appraisal of the degree to which 

an AI system’s capabilities align with the requirements of strategic tasks. Perceived AI misfit arises 

when AI functionality is appraised to either fall short of, or overshoot, those requirements, 

generating inefficiencies or suboptimal outcomes for strategists. This conceptualization builds on 

fit perspectives that locate performance consequences in the alignment between task requirements 

and technology capabilities, while recognizing that misfits can persist even in settings of overall 
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adoption (Goodhue & Thompson, 1995; Strong & Volkoff, 2010). Because reliance decisions are 

driven by situated judgments of what is sufficiently credible, relevant, and usable in a given 

episode of work, we treat fit and misfit as appraisals rather than as directly observable objective 

alignment (Goodhue & Thompson, 1995). Accordingly, we conceptualize perceived AI fit–misfit 

tension as an evaluative tension that arises when AI is appraised to support some requirements of 

scanning or interpretation while undermining others within the same task episode (or tightly linked 

episodes). This tension is consequential because it shifts the analytic focus from whether AI is 

adopted to how strategists manage ongoing alignment between task demands and AI outputs 

(Goodhue & Thompson, 1995; Strong & Volkoff, 2010).  

We refer to this ongoing alignment work as reliance calibration: the situated practices 

through which strategists align the degree to which they accept, adopt, or delegate to AI outputs 

with their evolving assessment of output reliability and task fit. This tension makes reliance 

decisions central: strategists must decide how much to accept, adopt, or delegate to AI outputs and 

what validation is required before those outputs travel into downstream interpretation and 

recommendation (Lee & See, 2004; Parasuraman & Riley, 1997). Reliance calibration is 

consequential because both overreliance (uncritical acceptance) and underutilization (avoidance 

despite potential task fit) can arise from the same fit–misfit tension when verification and learning 

practices are weak or absent. This framing links task-technology fit–misfit to reliance calibration 

in human–AI collaboration. 

Taken together, the literature on strategic sensemaking (scanning and interpretation), task-

technology fit–misfit, and trust and reliance sensitizes our qualitative inquiry to (a) where 

strategists locate perceived AI fit and misfit during scanning and interpretation, and (b) how these 

appraisals shape reliance decisions and collaboration outcomes. 
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3. Research Method  

3.1 Research Context and Design 

 

Figure 1: Overview of the two-phase research method after Follmer et al. (2018).  

 

This study employs a two-phase, qualitative grounded theory approach (Follmer et al., 2018; 

Strauss & Corbin, 1998) to examine how strategists incorporate AI into their strategic sensemaking 

practices, as shown in Figure 1. While prior work recognizes the scanning and reasoning 

capabilities of technologies, including AI, from a more theoretical and conceptual level 
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(Balasubramanian et al., 2022; Constantiou et al., 2023; Weiser & Krogh, 2023), little is known 

about how strategists collaborate with AI in strategic sensemaking activities in practice. Phase 1 

of our research study explored strategists' initial usage of contemporary AI in scanning and 

interpretation. This initial phase thereby steered us toward the question of how strategists navigate 

between AI's fit and misfit in strategic scanning and interpretation; Phase 2 investigated the 

tensions that gained our attention in Phase 1 in more depth. This approach is particularly 

appropriate because it enables the generation of theory grounded in empirical data, emphasizing 

the iterative relationship between data collection, analysis, and emerging insights (Strauss & 

Corbin, 1998). Additionally, grounded theory aligns with our objective of developing an in-depth 

theoretical understanding of our research question rooted in strategic sensemaking (Daft & Weick, 

1984), and the technology fit–misfit literature (Goodhue & Thompson, 1995). Consequently, the 

research is structured into two distinct phases, each with clearly defined objectives and rationales: 

Phase 1. In Phase 1 (October–December 2023), we aimed to broadly explore how 

strategists collaborate with contemporary AI during strategic sensemaking, particularly within 

scanning and interpretation activities. This initial exploratory approach (Creswell & Creswell, 

2023) was necessary due to the novelty of AI in strategic contexts and its relatively limited 

adoption at that time (Chui et al., 2023; Singla et al., 2024). The findings from this phase 

highlighted two key insights: first, consistent with other studies (Chui et al., 2023; Singla et al., 

2024), adoption of GenAI was low, and its broader use by strategists remained partly theoretical, 

yet rapidly evolving; second, a critical tension emerged concerning the perceived fit or misfit of 

AI capabilities with sensemaking tasks. Although intriguing, these findings required deeper 

exploration to understand this tension better. 
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Phase 2. Therefore, Phase 2 (December 2024–February 2025) specifically focused on the 

tension between contemporary AI’s fit and misfit as experienced by strategists. By this time, 

advances in GenAI—such as Google Gemini, ChatGPT-4o, and GPT-o1—had increased practical 

adoption rates and significantly improved AI capabilities, enhancing the relevance and timeliness 

of the research. Moreover, the period between phases allowed us to thoroughly engage with 

literature about the fit–misfit of technology (Goodhue & Thompson, 1995), enabling us to refine 

our research focus and develop a targeted interview guideline for Phase 2. Hence, after Phase 1 

revealed the existence of a tension in how strategists perceived AI’s capabilities fit and misfit, we 

refined our central research question and interview guide in Phase 2 to examine the perception and 

management of the tension between contemporary AI fit and misfit in strategic sensemaking. 

The following subsections outline the detailed sampling strategy, data collection 

procedures, and analytical methods used in each research phase. 

3.2 Research Sample  

Phase 1. For the first research phase, a purposive sampling approach was adopted (Suri, 2011), 

with explicit inclusion criteria designed to yield rich and contextually meaningful insights. 

Participants were carefully selected based on their active involvement in strategic sensemaking 

activities, broadly encompassing strategists across multiple organizational levels and firms. This 

included senior executives (e.g., C-suite, Heads of Strategy), internal strategy practitioners, as well 

as influential external actors such as senior strategy consultants, aligning with the inclusive 

conceptualization of strategy practitioners (Jarzabkowski & Whittington, 2008; Whittington, 

1996). Given the research’s specific emphasis on exploring the role of contemporary AI, 

particularly generative AI (GenAI), participants were also required to be actively engaged with 

contemporary AI technologies in their daily strategic tasks. Practitioners not employing AI in 
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strategic sensemaking processes were deliberately excluded to ensure relevance and depth in 

exploring post-adoption technology dynamics, explicitly focusing on GenAI's perceived fit and 

misfit in these contexts. 

Participants were recruited through direct outreach via professional networks, particularly 

leveraging platforms such as LinkedIn. The final Phase 1 sample comprised 44 strategic experts 

from diverse organizational contexts, ranging from large multinational corporations to innovative 

start-ups, across various industries, including automotive, industrial goods, media, financial 

advisory, semiconductors, pharmaceuticals, rail, and commercial vehicles. This heterogeneity in 

industry, firm size, role, and background was intentionally sought to enrich the empirical insights 

and increase the potential for broader theoretical transferability. The largest subgroup consisted of 

senior strategy consultants (n=10), supplemented by executives and internal strategists, all actively 

engaged with GenAI technologies. We conducted the interviews for Phase 1 over three months, 

from October to December 2023. 

Phase 2. Building upon insights gained during the initial research phase, Phase 2 applied 

the same participant selection criteria but aimed explicitly at examining the emergent tension 

between AI fit and misfit in more depth. Conducted between December 2024 and February 2025, 

this second phase consisted of ten interviews with strategists representing seven distinct 

organizations. Participants predominantly belonged to management consulting firms (n=8), with 

additional representation from financial services (n=1) and software industries (n=1). All Phase 2 

participants were geographically located in German-speaking countries (Germany, Austria, 

Switzerland), allowing for culturally consistent yet professionally varied perspectives on AI 

integration. The professional tenure of participants in Phase 2 ranged from several months to 

approximately five years, ensuring a balanced representation of both relatively new and more 
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experienced strategy professionals. This targeted and slightly smaller sample size facilitated 

deeper qualitative exploration into the nuanced dynamics of the fit–misfit tension identified earlier. 

Further detailed information regarding individual participants, including roles, tenure, industries, 

and interview specifics, is provided comprehensively in the Appendix Table A.1. 

3.3 Data collection  

Semi-structured interviews served as the primary data collection method, allowing a 

conversational and intuitive structure (Bearman, 2019). Each interview began with an introductory 

segment designed to build rapport (Arsel, 2017) and briefly explained the theoretical foundations, 

specifically the strategic sensemaking stages of scanning and interpretation (Daft & Weick, 1984; 

Thomas et al., 1993). Demographic inquiries followed this introduction to establish context and 

facilitate subsequent analysis. 

The main interview segments focused explicitly on the core research phenomena, using 

open-ended questions to encourage participants to freely share experiences and insights, thereby 

allowing the exploration of emergent themes (Myers, 2020; Myers & Newman, 2007). While the 

interview guidelines consistently addressed strategic sensemaking activities, particularly scanning 

and interpretation (Daft & Weick, 1984; Thomas et al., 1993), minor refinements were made over 

time to reflect emerging insights from ongoing analyses. The final portion of each interview 

involved reflective questions, allowing participants to provide additional thoughts or clarifications 

regarding the topics discussed (Bearman, 2019). 

Interviews in both research phases were conducted virtually using platforms such as Zoom 

or Microsoft Teams, with a small number conducted by phone or in person. Interviews were audio-

recorded following explicit participant consent, except for one instance in Phase 1, where detailed 

notes were taken due to the participant’s preference. Recordings were transcribed verbatim, and 



THE PERCEIVED FIT–MISFIT TENSION OF AI 

19 
 

transcripts were carefully reviewed against audio recordings to ensure accuracy, reliability, and 

veracity (Davidson, 2009; Halcomb & Davidson, 2006). For the transcriptions, we used the tools 

Whisper and Notta.AI. To enhance readability while preserving meaning, minor edits were applied, 

removing filler words, false starts, and nonverbal utterances (Powers, 2005). The interviews 

conducted in German were then translated into English at this stage using DeepL, a highly effective 

language translation tool that uses contemporary AI methods. 

Phase 1. The first data collection phase involved 44 interviews, predominantly conducted 

virtually (n=38) and the remainder in-person (n=6), between October and December 2023. The 

interview duration ranged from 17 to 52 minutes, totaling approximately 25 hours and 35 minutes 

of recorded material. Most Phase 1 interviews were conducted in German (n=23), with the 

remainder in English.  

Phase 2. It was conducted between December 2024 and February 2025 and consisted of 

ten virtual interviews, averaging approximately 49 minutes each. All Phase 2 interviews were 

conducted in German, focusing explicitly on exploring the identified perceived tension between 

AI fit and misfit, strategists’ responses to these tensions, and their perceptions regarding future AI 

use cases in strategizing. Detailed descriptions of interview procedures and a comprehensive 

interview guide are provided in Appendix B. 

3.4 Data Analysis: Emergence of the Fit–Misfit Tension  

Following established grounded theory procedures, we analyzed the interview data in two 

phases (Strauss & Corbin, 1998). In each phase, we adopted a constant comparative approach to 

iteratively develop and refine emergent concepts while staying open to novel insights from the 

data (Charmaz, 2014; Glaser & Strauss, 1980). The overarching analytic goal was to move 

systematically from interview transcripts’ initial exploratory coding to higher-order themes and 
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theoretical interpretations. We used MAXQDA software to facilitate the coding process and 

document the evolution of our analytical categories.  

Initial Familiarization and Open Coding. While transcribing interviews, we immersed 

ourselves in the data by reading and re-reading the transcripts, noting preliminary ideas and 

reflections (Flick et al., 2004). In line with grounded theory’s notion of open coding (Strauss & 

Corbin, 1998), two researchers independently assigned codes to text segments that illuminated 

respondents’ experiences or perspectives relevant to our study. Despite entering with a broad 

conceptual understanding (i.e., strategic sensemaking phases of scanning and interpretation [Daft 

& Weick, 1984; Thomas et al., 1993]), we remained open-minded and inductive, creating codes 

directly reflecting participants’ language and meanings rather than imposing predefined categories 

(Creswell & Poth, 2025). 

Collaborative Axial Coding and Category Refinement. After initial coding, the two 

researchers compared and discussed their code lists, resolving coding discrepancies through re-

examining the transcripts and joint deliberation (O’Connor & Joffe, 2020). This process both 

ensured inter-coder reliability and refined the coding scheme. Through axial coding (Strauss & 

Corbin, 1998), we grouped the open codes into more abstract “second-order” categories by asking 

how different codes related to or built upon one another (Charmaz, 2014). We identified, for 

example, recurring patterns regarding how strategists assessed the potential and limitations of AI 

in scanning tasks, as well as the variety of emotional responses to perceived AI misalignment. At 

this stage, we revisited the literature (Flick et al., 2004) to sharpen and further develop categories 

in light of existing theoretical constructs related to sensemaking (Thomas et al., 1993). 

Comparative Analysis Between Phases. Although both phases shared the same overall 

coding principles, they differed in emphasis. In Phase 1, once we had completed the open and axial 
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coding, we noticed an emerging pattern of tensions regarding how strategists evaluated AI’s 

capabilities for scanning and interpretation tasks. We observed that our data in Phase 1 lacked 

depth for explaining how these tensions manifested over time or what influenced them. This insight 

informed the design of our Phase 2 interviews, in which we specifically probed participants about 

the tension-laden experiences uncovered in Phase 1. The analysis of Phase 2 interviews then used 

the same open and axial coding steps but was more targeted toward clarifying, testing, and 

extending the categories discovered earlier. 

Theory Building and Dimension Aggregation. In the final step of the analysis, we integrated 

the second-order categories into overarching theoretical dimensions aligned with the core focus of 

our research. We synthesized categories from both research phases into two key dimensions, but 

with the more in-depth insights from Phase 2—(1) the perceived AI fit–misfit tension in strategic 

sensemaking (scanning and interpretation), and (2) the reliance calibration and its outcomes. 

Figures that visually present the aggregation of themes and dimensions are shown in Appendix C.1 

and C.2. Moreover, a selected indicative list of open codes, themes, and dimensions, along with 

illustrative quotes, can be found in Tables C.3 and C.4 in the Appendix. 

4. Results: The Perceived AI Fit–Misfit Tension in Strategic Sensemaking 

This section reports how strategists describe using contemporary AI tools in two core strategic 

sensemaking tasks—environmental scanning and interpretation—and what happens when they 

decide how much to rely on AI outputs. A core contribution of this study is highlighting the tension 

strategists perceive when assessing whether AI tools are a “fit” or “misfit” for scanning and 

interpretation tasks. We use (perceived) fit to denote strategists’ practical evaluation of how well 

an AI tool’s outputs and interaction style fit the required sensemaking task. (Perceived) Misfit 
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denotes perceived mismatch—when AI outputs are incomplete, unreliable, overly generic, 

excessively detailed, or otherwise not aligned with what the task demands.  

Our results show that many strategists describe a perceived AI fit–misfit tension: within the 

same task episode (or tightly linked episodes), AI enables speed and breadth while simultaneously 

creating concerns about accuracy, contextual relevance, or defensibility that must be managed 

before outputs can be relied on. This tension (T) is consequential because it shifts attention from 

“Should we use AI?” to “How should we rely on AI—and how should we verify it—given its 

strengths and limits?” This shift matters strategically because scanning and interpretation open the 

decision sequence outlined in our theoretical background: what strategists accept as credible at 

these stages becomes the premise for interpretation and, ultimately, for the strategic actions and 

commitments that follow. Figure 2 summarizes where strategists locate fit–misfit tensions in their 

sensemaking work: within scanning (ST), within interpretation (IT), and in cross-task trajectories 

where an appraisal in scanning shapes or flips in interpretation (S–IT1, S–IT2).  

 

Figure 2: The Perceived Fit–Misfit Tension of AI in Strategic Sensemaking 
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4.1 Sensemaking fit appraisal: The origin of the fit–misfit tension 

Our tension-based view (Dameron & Torset, 2014) was inspired by insights gathered in the Phase 

1 interviews. Across interviews, strategists repeatedly framed AI as a supporting 

collaborator rather than a substitute decision maker. One Head of Strategy captured a baseline 

orientation that underpins many subsequent appraisals: AI should accelerate and inform, but a 

“human layer” must remain responsible for assessing limits and implications:  

“Because it should always be a support and not fully take over  […]  what can I do with it, 

but also what are the limits where again, a human layer has to take over” (E7, Head of 

Strategy). 

This orientation reflects a broader theme: strategists do not evaluate “AI” in the abstract, but 

appraise its fit or misfit relative to task requirements and relative to what they believe humans can 

contribute. Even as AI advances, its trajectory of development may not converge on human-like 

contributions; instead, progress may increase AI’s functional distance to humans. As one 

participant put it:  

“I would not say that it is on the level of human. It is different from what a human can do” 

(E2, Principal).  

The “difference” creates opportunity (e.g., AI can do some things faster or at scale) and risk (e.g., 

AI may be convincing but wrong, or miss context) making appraisal and subsequent reliance 

decisions central. A further complication is that appraisal is not purely technical—it is also 

interpretive. Strategists highlighted that perceptions of bias can emerge from the engine, from user 

prompting, or from how users extract and apply outputs:  
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“Because perception at times can become reality […] there could be bias within the engine, 

or there could be bias in how you extract information from the engine and what you do of 

it” (E3, Partner). 

This observation foreshadows why reliance calibration practices (Section 4.2) become pivotal: 

appraisal involves judgement under uncertainty about output quality and about one’s own 

interpretation. In the following subsections, we examine more closely how these tensions play out 

in scanning and interpretation. 

4.1.1 Scanning tension [ST] 

In scanning tasks, strategists consistently described AI as a high-speed accelerator that produces 

an initial map of a topic space—useful when the immediate need is to get oriented quickly. One 

interview participant characterized this fit succinctly:  

“[…] it was a huge acceleration of the process… You have initial results super quickly… 

Sure, you have to refine them and check them” (E45, Founders Associate).  

Here, the appraisal contains two elements at once: fit for speed and early overview, and misfit 

because the outputs cannot be accepted without refinement and verification. This scanning tension 

becomes sharper when the scanning task demands precision or context-specific accuracy, 

particularly for quantitative or country-specific details. The same participant described how AI 

produced plausible but incorrect transfers across contexts (e.g., applying a Germany percentage to 

Japan), and how this error pattern forced persistent human oversight and iterative correction:  

“I had to keep prompting, ‘Hey, aren’t there difference […]? […] I always tried to check if 

it added up… and I still had to make some adjustments” (E45, Founders Associate).  

In such cases, AI’s scanning fit is inseparable from a misfit that appears as a verification burden: 

the user must invest effort to validate, correct, and sometimes redo work to make outputs usable. 
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Strategists also differentiated scanning fit by the nature of the material: AI was often appraised as 

more fitting for early-stage, qualitative broadening than for numeric accuracy. One consultant 

explained their deliberate avoidance of using AI for numbers, while still leveraging it for  

“[…]creative brainstorming […] at the very, very beginning […] to get the big picture” 

(E52, Consultant).  

In these accounts, scanning fit is not “AI is good at scanning,” but “AI fits certain scanning sub-

tasks (e.g., breadth, ideation, initial structuring) and misfits others (e.g., precision, numeric 

reliability).” Hence, scanning fit appraisals are anchored in speed and breadth, but the same 

accounts repeatedly foreground a misfit tied to unreliable or insufficiently precise outputs—

especially when scanning requires accuracy and context specificity. This within-task tension shifts 

scanning from a simple adoption decision toward a reliance question: strategists must decide how 

much of the scanning output can be delegated to AI and what must be verified or rebuilt by humans. 

Proposition 1: When scanning tasks require rapid orientation while still demanding 

credible accuracy for downstream use, strategists are more likely to appraise AI as fitting 

for speed and breadth yet misfitting for precision; this perceived fit–misfit tension increases 

the need for validation before AI outputs enter interpretation and the strategic commitments 

that follow. 

4.1.2 Interpretation tension [IT] 

In interpretation tasks, strategists often appraised AI as fitting because it can process large volumes 

of information and surface patterns or angles they might otherwise overlook. One consultant 

described using AI to “[…] tell us all the trends you see, […]” which yielded unexpected but 

potentially relevant angles: “we got things like residences […] I would never have looked out for 

something like that” (E50, Consultant).  
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This illustrates interpretation fit as coverage expansion—AI can broaden the interpretive search 

space and highlight candidates for human sensemaking. At the same time, interpretation appraisals 

were repeatedly conditioned by the recognition that strategic interpretation is rarely “right or 

wrong” in a simple sense. One participant described AI’s value as a stimulus that helps generate 

pros and cons, rather than a definitive answer:  

“[…] it’s just kind of a thought-provoking impulse… especially when it comes to strategies, 

it’s often not […] black or white” (E51, Associate).  

In these accounts, AI fits as an ideation partner that supports interpretation as sensegiving 

and reframing—while strategists preserve final judgment. The misfit in interpretation most often 

emerged as contextual fragility: AI can produce convincing narratives that do not hold when 

checked against the underlying material. The same interviewee reported asking about companies 

mentioned in a report and receiving a plausible answer that collapsed under verification:  

“ […] two companies […]  were not mentioned at all in the report” (E51, 

Associate). 

Another strategist echoed this pattern:  

AI is “[…] a great help […] ” and offers “[…] huge added value, […]” yet “[…] incorrect 

information is sometimes provided […]  that’s why I have to adjust it again” (E46, Senior 

Consultant). 

Beyond factual inaccuracy, strategists also reported misfit when interpretation requires causal-

economic reasoning or relevance filtering. One consultant described experimenting with AI for 

pricing interpretation and receiving outputs that were technically computed but practically 

nonsensical:  
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“[…] increasing the price by two basis points for everyone… an enormously high price 

that you can’t actually explain to the customer” (E50, Consultant).  

In another case, AI produced a “[…] holistic picture […]  very detailed, […]” yet “[…] clearly 

too detailed for our task […]” (E50, Consultant), creating misfit through over-granularity—

outputs exceed what is actionable and relevant for the interpretive purpose. This again underscores 

the intertemporal nature of AI fit and misfit: as capabilities improve, AI can generate increasingly 

“overfit” outputs—analytically rich but cognitively intractable—thereby widening the human–AI 

capability gap and producing a perceived misfit relative to users’ actionable needs.  

Interpretation fit appraisals emphasize pattern discovery and perspective generation, but 

the misfit repeatedly arises from contextual fragility—AI may be convincing yet wrong, 

insensitive to domain reasoning, or poorly calibrated to the task’s relevance threshold. As a result, 

strategists position AI as a stimulus for interpretation rather than an authority, and they reserve 

human judgment as the mechanism that turns outputs into defensible interpretations. 

Proposition 2: When interpretation tasks benefit from broad pattern discovery and 

alternative framings but require contextual validity and relevance filtering, strategists are 

more likely to appraise AI as fitting for perspective generation yet misfitting for context-

sensitive reasoning; this perceived fit–misfit tension in interpretation shifts AI use toward 

a stimulus role that requires human judgment and selective validation before candidate 

framings shape the premises of strategic commitments. 

4.1.3 Cross scanning-interpretation (S-IT) trajectories  

While scanning and interpretation are conceptually distinct, strategists frequently described AI use 

as blurring or compressing the boundary between the two. In some cases, AI enabled strategists to 

move directly into interpretive argumentation without extensive manual scanning:  
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“[…] just to give me all these arguments… ‘What are the pros and cons? Give me your 

analysis’[…]. That’s where [AI] helps a lot” (E54, Consultant).  

Others described AI use cases—especially idea generation—as 

   “[…] something in between scanning and interpretation […]” (E46, Senior Consultant).  

These accounts suggest that, rather than being slotted into existing stages, AI can reshape how 

strategists move between them. 

Figure 2 captures two recurring cross-task trajectories. The first (S–IT1) occurs when 

strategists experience scanning fit for overview generation, but encounter interpretation 

misfit when they attempt to deepen the analysis. One interview participant described this shift:  

“AI is great for creating an overview but if you then… go deeper… the more 

number-driven it becomes, the fuzzier the output becomes… and the more dangerous it is 

to simply use it” (E45, Founders Associate).  

Here, appraisal changes across the handoff: what fits for early scanning becomes misfitting when 

interpretive precision and accountability rise.  

This handoff shift is also shaped by the trade-off between verification and efficiency. One 

interviewee noted that if outputs are “[…] too generic […]” and must be checked “[…] for 

accuracy first, […]” the user must reconsider whether AI actually saves work (E37, Project 

Manager). This indicates that cross-task trajectories are not only about task type; they are about 

how appraisal interacts with the verification burden that emerges when outputs are carried forward 

into consequential interpretation. 

The second trajectory (S–IT2) occurs when strategists experience scanning misfit—often 

in numeric or data-heavy scanning—but then repurpose AI toward interpretive or ideational work 

where it becomes fitting. For example, one consultant explicitly avoided AI for numbers because 
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it “didn’t work well,” yet still relied on it for creative brainstorming to get an initial big picture 

(E52, Consultant). 

In this trajectory, scanning misfit triggers a shift in use: instead of abandoning AI, strategists 

reallocate it to tasks where its strengths better match requirements. 

Finally, participants also described specific cues that can prompt reappraisal of fit across 

related episodes (without implying observed cycles). One participant noted that long interactions 

could degrade usability:  

“if you stay in a chat… with every new query it becomes more and more laborious… at 

some point, you have to change the chat” (E45, Founders Associate).  

Others described switching tools when refinement no longer yields workable results:  

“if I’ve now refined it so much that it no longer works… then I would look around… [for] 

another technology… where there is… a higher fit” (E50, Consultant).  

These accounts suggest that strategists treat fit appraisal as revisable when interaction constraints 

or tool behavior shifts. 

Cross-task trajectories show that fit appraisal extends beyond the boundaries of scanning and 

interpretation: it also emerges when AI outputs are carried across stages or when strategists 

repurpose AI to different task requirements. The key empirical implication is that fit appraisal and 

misfit detection guide how strategists bound AI’s role—either restricting reliance when moving 

toward deeper interpretation (S–IT1) or redirecting AI use toward ideational interpretation when 

scanning misfits (S–IT2). These trajectories set up the next question: how do strategists calibrate 

reliance once this tension is recognized? 

Proposition 3: When strategists carry AI outputs from scanning into interpretation, they 

are more likely to experience either  



THE PERCEIVED FIT–MISFIT TENSION OF AI 

30 
 

(a) scanning fit followed by interpretation misfit (S–IT1), which increases reliance 

constraints and verification demands, or  

(b) scanning misfit followed by interpretation fit (S–IT2), which encourages 

repurposing AI toward qualitative/ideational interpretation; these trajectories shape how 

strategists bound AI’s role across sensemaking tasks that are interdependent and whose 

outputs feed strategic commitment. 

4.2 Reliance calibration and its outcomes: How strategists respond to the perceived AI fit–

misfit tension  

Strategists’ task-level appraisals of a perceived AI fit–misfit tension—whether in scanning or 

interpretation—did not, in their accounts, translate automatically into collaboration outcomes. 

Instead, participants repeatedly emphasized reliance calibration as the practical bridge between 

appraisal tensions and downstream consequences: how users align the degree to which they accept, 

adopt, or delegate to AI outputs with their assessment of output reliability and task fit. As Figure 

3 summarizes, calibration practices sit between appraisal tensions and reliance outcomes, and 

participants’ accounts clustered into two patterned pathways. In the calibrated reliance pathway, 

strategists acknowledged the perceived fit–misfit tension yet enacted effective calibration 

strategies, yielding AI alignment with perceived efficiency gains. In the miscalibrated reliance 

pathway, the perceived tension was similarly salient, but calibration practices were weak, absent, 

or avoided, yielding either AI overreliance (uncritical acceptance) or AI underutilization 

(avoidance/non-adoption despite potential benefits).  
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Figure 3: Antecedents, strategies, and outcomes of the perceived AI fit–misfit tension.  

4.2.1 Calibrated reliance pathway to AI alignment 

Antecedents. Strategists who described effective AI use consistently foregrounded antecedent 

conditions that enabled them to sustain calibration when AI outputs were uncertain or imperfect. 

A first enabling condition was emotional equanimity—patience and resilience in working with a 

tool that could produce variable performance. One participant described this stance as  

“ […] stress tolerance  […]  patience […] [AI is] just not a cure-all […] and you […] 

accept the limits of it” (E53, Associate).  

Another similarly emphasized calm engagement rather than expectation of flawless performance:  

“I’m actually more relaxed about it […] and I’m also aware that it can sometimes not 

work” (E50, Consultant).  

Such equanimity did not mean ignoring misfit. It made continued, careful engagement possible 

despite it. Second, calibrated reliance was enabled by positive user reactions that oriented 

strategists toward experimentation and opportunity without suspending critical judgment. One 
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interview participant linked anticipation to identifying use cases where AI could be productively 

applied:  

“ […] for use cases where you can use technology, you're naturally looking forward to it… 

this is a huge opportunity that I am realizing” (E47, Senior Consultant).  

Another described how such constructive engagement translated into recurring moments of value:  

“ […] every week, I have something where I use some GenAI tool […] and it actually works 

phenomenally and somehow saves me half an hour of work” (E50, Consultant). 

 Importantly, these reactions were expressed alongside ongoing awareness that fit could be partial 

and contingent. 

Third, strategists’ accounts emphasized capability-based enablers—particularly AI literacy and a 

form of cognitive complexity capability in handling contingent fit. Participants described literacy 

as knowing what the tool can and cannot do:  

“ […] in the end it's about knowing the capabilities of the tool” (E52, Consultant).  

They also framed effective use as the ability to locate task-specific leverage:  

“As soon as I know where my biggest leverage is, then [AI] really is a very big lever in that 

area” (E52, Consultant).  

This capability was paired with a critical stance that preserved boundaries around misfit:  

“ […] try it out, be critical  […]  define use cases where you know that you either have to 

exercise a lot of control or you simply can’t do that with the technology” (E47, Senior 

Consultant).  

Together, these antecedents supported not simply “more use,” but the conditions under which 

strategists could calibrate reliance in a sustained, selective manner. 
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Strategies. With these enabling conditions in place, strategists described what we call reliance 

calibration as enacted through three strategy clusters: validation/evaluation, prompt engineering, 

and AI collaboration capability learning. In this sense, validation and evaluation is a form of 

keeping a “human controlling authority.” Many participants framed validation as a norm of 

responsible strategizing with AI: the human remains accountable for the defensibility of both 

scanning and interpretation. As one senior consultant put it, 

“  […] you have a responsibility as a human being to have completed both the scanning 

and the interpretation to a reliable degree of accuracy  […]  You basically have to be the 

controlling authority” (E47, Senior Consultant).  

Validation, so framed, was anything but an optional add-on: participants treated it as the central 

practice that rendered AI use legitimate in strategic work. Participants also described validation as 

“quality control,” particularly in response to hallucination risk:  

“ […] what you should always do is quality control  […]  if this slips through, you are 

making strategic decisions based on incorrect information” (E47, Senior Consultant).  

Notably, strategists’ accounts implied that validation intensity was not constant: it increased when 

perceived misfit risk was higher or when downstream consequences made errors more 

consequential, translating the fit–misfit tension into a practical question of how much checking is 

required before an output is carried into interpretation. 

Beyond validation, strategists emphasized calibrating reliance by actively shaping AI 

outputs through iterative prompting and by learning how to interact with the tool in-use. An 

interview participant explained that outputs became more accurate when prompts specified sources 

and were refined incrementally:  
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“ […] you can’t just ask  […]  ‘give me a market analysis’ […] you have to say, ‘Please 

draw your data from the Bureau of Labor Statistics.’ […] Then you gradually came to a 

more accurate result” (E45, Founders Associate).  

Similarly, another participant described prompting as a means to repair outputs that did not fit task 

expectations:  

“ […] you can use prompting to refine it and get a better result if you get options that don’t 

make sense” (E46, Senior Consultant). 

Learning-in-use appeared most clearly as iterative experimentation, especially for complex and 

domain-specific tasks. One consultant noted,  

“ […]  it wasn’t the case that I uploaded these PDFs […] and then I got everything out 

straight away […] that took a few iterations […] [we] had to […] refine our prompt a bit” 

(E50, Consultant).  

Participants also treated iteration as a behavioral marker of competent collaboration with AI. An 

AI manager stated:  

“ […]  if someone makes a lot of iterations […] it’s a sign that the person knows their way 

around and thinks for themselves. If someone simply takes the first suggestion  […]  that’s 

a sign […] misfit” (E48, AI Manager).  

Another participant framed this capability development as something that must be practiced rather 

than assumed:  

“[…] you always force yourself to use the technologies  […]. We are creatures of habit and 

if you don’t do it, you’ll do it less and less  […]  Accepting training  […]  researching for 

yourself how you can improve it, refine it” (E49, Senior Consultant).  
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These accounts position prompting and learning-in-use not only as output-improvement 

techniques, but as calibration practices that keep the strategist actively engaged in sensemaking 

rather than passively receiving content. 

At the same time, participants emphasized that prompting is not costless and can fail when 

performed poorly. As one interview participant warned,  

“ […] if you don’t set the prompt correctly at the beginning, but then keep building on this 

prompt  […]  then everything just sucks […] you end up with a bad output  […]  and have 

to do it all over again” (E45, Founders Associate).  

In calibrated accounts, rather than negating prompting, this risk reinforced the need for both skillful 

prompt work and continued validation. 

Outcomes. When strategists described these enabling conditions and strategies as present, they 

reported outcomes consistent with AI alignment—using AI where it fits and constraining it where 

it misfits—alongside perceived efficiency gains. Importantly, participants did not frame these 

outcomes as eliminating misfit; rather, they framed them as benefits achieved by keeping reliance 

within defensible bounds. One participant described the day-to-day gains in speed and 

effectiveness as tangible:  

“AI and the various tools […] can […] make your work much easier, much more efficient, 

and much faster […] You can complete some tasks in just a few minutes that might take a 

few hours” (E49, Senior Consultant).  

This efficiency was presented as compatible with continued critical oversight, echoing the earlier 

emphasis on defining use cases by how much control they demand and where the technology 

cannot be used.  
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In other words, calibrated reliance yielded acceleration and breadth without relinquishing 

responsibility for accuracy and interpretive defensibility. 

Proposition 4: When strategists experience a salient perceived fit–misfit tension and 

possess enabling conditions (e.g., emotional equanimity and AI literacy/cognitive 

complexity capability), they are more likely to engage in effective reliance calibration 

strategies (validation/evaluation, iterative prompting, learning-in-use), increasing the 

likelihood of AI alignment (selective, bounded reliance) and associated efficiency gains, 

while preserving the defensibility of the downstream commitments those outputs inform. 

4.2.2 Miscalibrated reliance pathway to overreliance or underutilization  

Antecedents. In contrast, strategists also described patterned accounts in which the perceived fit–

misfit tension was salient but antecedent barriers constrained the capacity or willingness to 

calibrate reliance. A first barrier was a consistency drive—a preference for familiar routines and 

apprehension toward fundamental change that AI symbolized. One interview participant observed: 

“[…] the majority of people tend to be reluctant because they say, ‘This is something new, 

this is fundamental change […] and will I actually lose my job?” (E47, Senior Consultant).  

This apprehension was reflected not only as fear but also as pragmatic avoidance:  

“You might not even try the internal tools […]  but simply prefer to do it yourself […]  

quicker than if you get to grips with the tool first” (E49, Senior Consultant).  

Such accounts locate miscalibration upstream, in a reluctance to incur the learning and verification 

work that calibration requires. 

A second barrier was lack of AI literacy, described as falling behind in understanding capabilities 

and limits, with implications for both confidence and defensibility. As one participant warned:  
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“If you don't stay up to date and don’t catch up somehow in the long term, you’ll lose out 

at some point and that will have an impact on the company's effectiveness, profitability and 

so on” (E49, Senior Consultant).  

Lower literacy, in these accounts, did more than reduce tool use: it undermined the capacity to 

assess outputs and to decide when additional validation or refinement was needed. 

Strategies. Where these barriers featured prominently, strategists described strategy-level patterns 

consistent with partial or absent calibration. A first pattern was lack of validation, especially 

adopting outputs without being able to defensibly check them. One participant recalled:  

“I’ve […]  simply adopted generic bullets […]  and then they’re simply wrong […]  

Especially if you […]  can’t really validate it yourself” (E53, Associate).  

This account makes miscalibration concrete: the problem is not “using AI,” but importing content 

into strategic work without the evaluation practices required for accuracy and defensibility. 

A second pattern was no effective prompting, including minimal iteration and compounding early 

prompt errors rather than diagnosing and repairing them. This is precisely the failure mode that 

the participant quoted earlier warned about: an early prompt set poorly and then built upon rather 

than repaired, until the output has to be discarded entirely.  

Participants also read the absence of iterative engagement as indicative of weaker capability in 

collaborating with AI: as the AI manager quoted earlier put it, simply taking the first suggestion 

marked someone who could not use the technology—for him, a sign of misfit (E48, AI Manager).  

Finally, avoidance of the tool—the preference, noted above, for simply doing the work oneself 

rather than getting to grips with the tools (E49, Senior Consultant)—functioned as a strategy-level 

withdrawal from the very learning-in-use through which calibration capability could develop. 
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Outcomes. Strategists described two outcome forms of miscalibration. The first was AI 

overreliance, characterized by uncritical acceptance and reduced independent thinking. One 

interview participant warned that enthusiasm can become indiscriminate:  

“[…] because of this enthusiasm or fascination, you can tend to become a crazy techno-

optimist […] leaving the misfit out of it” (E47, Senior Consultant).  

Another participant described overuse as eroding their own cognitive engagement:  

“[…] there is a risk of overusing it […] with the result that you no longer really think about 

things yourself […] you actually brainstorm less yourself and question things less” (E51, 

Associate).  

In this outcome pattern, miscalibration appears as delegating too much without the evaluation 

practices needed to keep reliance bounded. 

The second outcome was AI underutilization, where strategists avoided or rejected AI despite 

potential task fit. Participants characterized this stance as focusing exclusively on limitations:  

“[…] you only see the misfit and not the fit or the advantages […] that's simply a denial of 

technology” (E47, Senior Consultant).  

Underutilization, in these accounts, reflected not a considered boundary decision after calibration 

but a withdrawal that foreclosed potential benefits where AI could have been used selectively and 

defensibly. 

Taken together, the miscalibrated reliance pathway shows how the same perceived fit–misfit 

tension can be associated with opposite outcomes—overreliance or underutilization—when 

reliance decisions are not aligned to task demands through validation, effective prompting, and 

learning-in-use. 
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Proposition 5: When strategists experience a salient perceived fit–misfit tension but lack 

enabling conditions for calibration (e.g., low AI literacy, limited willingness to 

iterate/validate, or strong consistency/avoidance motives), they are more likely to 

miscalibrate reliance—either overrelying on AI outputs without sufficient validation or 

underutilizing AI despite potential task fit—thereby allowing miscalibration to propagate 

through the decision sequence and undermining the defensibility of the strategic 

commitments built on them. 

5. Discussion: The Perceived Fit–Misfit Tension in Strategic Sensemaking 

Contemporary AI rarely enters strategizing as a stable fit or a stable misfit. Across 54 interviews 

with AI-experienced strategists, we found instead a resource whose value is decided in use—

appraised, bounded, and governed as strategists decide how much of what AI produces is credible 

enough to carry forward. That much is now familiar from research on human–AI collaboration. 

The claim this paper advances is narrower and, we argue, consequential for strategy specifically: 

the calibration of reliance on AI is constituted by—not merely contextualized within—the structure 

of strategic decisions. What makes AI miscalibration consequential in this setting is not that 

strategic tasks are harder, higher-stakes, or more accountable than other knowledge work. It is that 

strategic decisions are patterns of interdependent, committing, and competitively constitutive 

choices (Leiblein et al., 2018), so that a miscalibration at the scanning stage does not stay where it 

occurs. It enters a binding sequence whose later moves it has already shaped. 

This is the governing logic of everything that follows. AI accelerates search, widens 

coverage, and multiplies candidate framings, while simultaneously introducing errors, 

irrelevancies, and context-blindness that are confidently presented and difficult to detect 
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(Dell'Acqua et al., 2023; Hannigan et al., 2024). The strategist’s problem is therefore not whether 

to use AI but how to prevent its misjudgments from propagating: when to delegate, when to treat 

an output as a provisional stimulus, and when to verify before allowing AI-generated content to 

set the interpretive premises on which a commitment will rest. We name this work reliance 

calibration, and we theorize it as a component of strategic judgment rather than as a usability 

concern. 

Our findings give this claim empirical content. Miscalibration at the scanning or 

interpretation stage does not produce a locally correctable error: it sets a trajectory, initiates 

commitment dynamics whose reversal is organizationally costly (Ghemawat, 1991; Sydow et al., 

2009), and pre-empts the framing contests through which competitive reality is socially 

constructed (Kaplan, 2008; Porac et al., 1989). Operational mistakes correct; strategic mistakes 

compound. And as large language models generate, evaluate, and increasingly execute strategic 

options (Camuffo et al., 2026; Murray et al., 2021), they shape both what the strategist sees and 

what she will commit to—making the conditions under which calibration succeeds or fails a first-

order strategic question that existing reliance frameworks were not built to address. 

5.1 Theoretical contributions 

This paper advances a single, integrated contribution with three facets: it theorizes how AI 

becomes entangled in the micro-work of strategic sensemaking, recasts fit and misfit as co-

occurring evaluations across interdependent task handoffs, and specifies reliance calibration as the 

micro-process that translates those appraisals into systemic outcomes. Each facet generalizes 

propositions developed in our results, and each is delineated by a null hypothesis in the conceptual 

sense—not a claim to be statistically tested in this work, but a specification of the alternative logic 

that our process model supersedes. 
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AI-entangled strategic sensemaking and the irreversibility-weighted verification burden. 

We specify how AI becomes entangled in scanning and interpretation (Propositions 1 and 2), and 

why that entanglement is strategically distinctive. The contribution moves past the generic claim 

that "AI augments strategists." In scanning, AI's speed and breadth widen the search surface while 

creating a verification burden wherever credible accuracy is required; in interpretation, its 

generative capacity expands the space of candidate explanations while confronting strategists with 

contextual fragility that must be judged, filtered, and defended. The strategically distinctive claim 

is that this verification burden scales not with task difficulty but with downstream irreversibility: 

because scanning opens a committing sequence, the effort required to establish whether an output 

is credible enough to carry forward is weighted by the cost of reversing the commitment it will 

inform—a logic consistent with behavioral work on option exercise under noisy signals and 

irreversibility (Ghemawat, 1991; Posen et al., 2018). AI, in short, does more than accelerate 

strategizing: it reorganizes the balance between producing candidate insights and validating them 

at precisely the stage where validation is most consequential and verification is most costly 

(Hannigan et al., 2024). 

Null hypothesis 1: AI miscalibration in strategic scanning and interpretation produces 

local, task-level performance losses that are correctable through subsequent adjustment, 

without systemic consequence for the decision sequence. 

This is not a strawman—in a great deal of knowledge work it is simply true. Our process model 

supersedes it on strategy-specific grounds: on complex landscapes, the loss function on activity-

system errors is nonlinear, because the system's value depends on the coherence of the whole 

choice bundle rather than any single choice (Levinthal, 1997; Rivkin, 2000). The S–IT1 trajectory 

in our data makes this visible at the micro-level: scanning fit followed by interpretation misfit is 
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not two independent appraisals but the propagation of a scanning judgment into the interpretation 

it conditions—a handoff the local-correctability logic cannot accommodate. This logic does not 

carry over to strategy—not because AI is unusually error-prone, but because strategic structure 

denies errors the locality the null assumes. 

Fit and misfit as co-occurring, task-contingent evaluations across interdependent handoffs. 

We extend task-technology fit theory to a setting its core construct was not built for: sequentially 

interdependent tasks whose outputs feed binding strategic commitments. Strategists in our sample 

repeatedly experienced AI as fitting on some task dimensions—speed, breadth, ideation—while 

misfitting on others—accuracy, contextual validity, relevance—within the same episode, and these 

evaluations flipped across tightly linked tasks (Proposition 3). The strategically distinctive move 

is to explain why flipping matters: because scanning feeds interpretation in a committing sequence, 

perceived fit or misfit in one stage governs how AI is bounded and verified in the next. The 

calibration logic strategists apply is not accuracy-tracking but commitment-adjusted discounting—

weighting an AI output by the irreversibility of the decision it will inform rather than by its 

apparent correctness. Task-technology fit theorizes the alignment but not the interdependence that 

turns a local misalignment into a downstream constraint—which is why the construct must be 

reconstructed rather than transplanted (Goodhue & Thompson, 1995; Howard & Rose, 2019). 

Null hypothesis 2: Effective reliance on AI in strategy converges on an optimum 

determined by AI accuracy, such that more capable AI produces uniformly higher reliance, 

independent of the irreversibility of the decisions the outputs inform. 

Our process model moves beyond this logic because the strategic jagged frontier places exactly 

the tasks at the core of strategy outside AI's reliable zone (Dell'Acqua et al., 2023; Felin & Holweg, 

2024): competitive situations that call for theory-based causal inference, readings anchored in a 
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firm’s particular history and position, and judgments under genuine uncertainty. These are where 

AI is least reliable, most confidently wrong, and where strategic distinctiveness and commitment 

costs are highest. The relevant competence is therefore not trust tuned to accuracy but frontier 

awareness—recognizing that the strategist's hardest tasks are the model's weakest. This alternative 

logic breaks down because accuracy and strategic consequence are, on the jagged frontier, 

inversely arranged. 

Reliance calibration as a micro-process producing systemic rather than local outcomes. 

We theorize reliance calibration as the micro-process linking fit–misfit appraisals to outcomes—

alignment, overreliance, or underutilization (Propositions 4 and 5)—and explain why those 

outcomes are systemic. The same fit–misfit tension diverges less because users differ in skill than 

because miscalibration enters self-reinforcing committing paths whose dynamics amplify the 

original error in opposite directions (Sydow et al., 2009): overreliance locks in a sub-optimal 

trajectory the firm must then defend; underutilization forecloses informed exploration the firm 

cannot later recover. Enabling conditions—AI literacy, willingness to validate, organizational 

legitimacy for verification work—shape whether calibration succeeds, but they are antecedents of 

calibration, not the locus of its strategic consequence. That consequence lives in the decision 

sequence, which is why the calibration that matters is an organizationally distributed practice rather 

than an individual cognitive episode. 

Null hypothesis 3: Experiential learning eliminates fit–misfit tensions over time, as 

strategists develop stable mental models of AI's strategic capability and the calibration 

problem dissolves into routine. 

Our process model supersedes this logic on two grounds. Empirically, our participants did not 

describe fit–misfit tensions as dissolving with experience: learning-in-use made AI’s limits more 
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visible and salient, intensifying rather than resolving reliance decisions. Theoretically, strategic 

learning is constrained by path-dependent commitments (Sydow et al., 2009) and cognitive lock-

in (Tripsas & Gavetti, 2000). Learning shifts the content of the calibration problem without 

dissolving its structural source, because strategy rarely supplies the clean, repeatable feedback that 

experiential resolution presupposes. 

5.2 Boundary Conditions: When Miscalibration Becomes Systemic 

The scope of our theory is defined by a conjunction of conditions, not by any single feature of the 

setting. Judgment intensity, uncertainty, and accountability characterize much managerial work; 

none alone makes reliance calibration strategically distinctive. Reliance calibration takes the 

systemic form we theorize when four conditions hold together: choices are interdependent, so the 

value of any single judgment depends on its coherence with other choices (Leiblein et al., 2018; 

Rivkin, 2000); choices are committing, so reversing them is organizationally costly (Ghemawat, 

1991); sensemaking is prospective, so the feedback that would correct an erroneous judgment 

arrives late, noisy, and confounded (Gephart et al., 2010; Posen et al., 2018); and judgment is 

collectively accountable, so what one actor accepts as credible must be defensible to others whose 

own decisions it will guide (Kaplan, 2008). Together, these conditions convert local miscalibration 

into systemic consequence: interdependence propagates the error across choices, commitment 

locks it in, prospective uncertainty delays its detection, and collective accountability spreads its 

premises across actors. 

Where any of these conditions is absent, the calibration problem reverts to the local form 

that existing appropriate-reliance research already explains well: an isolated, reversible, feedback-

rich task in which a miscalibrated reliance decision produces a correctable performance loss (Lee 

& See, 2004; Parasuraman & Riley, 1997). This delimits what is distinctively strategic about our 
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account: for deliberation that lacks this conjunction, our model claims no advance over the existing 

reliance literature; where the conjunction holds, that literature’s central assumption—that 

miscalibration is locally correctable—fails, and calibration becomes a component of strategic 

judgment itself. Within this scope, learning operates as an enabling condition, not a resolution: 

contrary to Null hypothesis 3, learning-in-use makes fit–misfit tensions more visible rather than 

eliminating them, and because feedback remains non-stationary, costly, and socially negotiated, 

calibration does not settle into routine. 

5.3 Limitations and future research 

This study is intentionally micro-process oriented (Burgelman et al., 2018), and its claims should 

be interpreted accordingly. First, our evidence is based on semi-structured interviews that capture 

strategists’ experienced and recalled episodes of AI use. This design is well suited for theory-

building on an emergent phenomenon, but it limits our ability to directly observe within-person 

learning loops or to adjudicate objective AI accuracy. We therefore theorize perceived fit–misfit 

appraisals and reliance outcomes rather than making claims about objective performance effects. 

Second, our empirical focus is strategic scanning and interpretation. While these are core 

sensemaking activities (Constantiou et al., 2023; Daft & Weick, 1984), AI is also used in adjacent 

strategy tasks (e.g., communication, visualization, and coordination). Extending the model to 

additional tasks may reveal different calibration practices or different stakes that intensify (or 

dampen) the verification burden.  

Third, the study spans substantial evolution in contemporary AI tools and model versions. 

This heterogeneity is a feature of the setting rather than a nuisance variable, but it also bounds the 

generality of any claim about the persistence of specific tensions. As AI capabilities and 

organizational deployments change, the distribution of “where AI fits” and “where AI misfits” may 
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shift—making the calibration problem more, not less, central, but potentially altering which task 

dimensions dominate appraisal. 

5.4 Conclusion 

This study reframes AI in strategizing as less a question of adoption and more a question 

of governing reliance in judgment-intensive work. When strategists use contemporary AI in 

scanning and interpretation, they are doing more than consuming better information: they are 

continually deciding what can be treated as credible, what must be verified, and what should be 

kept out of downstream recommendations. Our process model highlights that these decisions are 

neither automatic nor reducible to generic trust. They are enacted through reliance calibration 

practices that align AI contributions with task demands while protecting the defensibility of 

strategic judgments. Importantly, the same perceived fit–misfit tension can generate very different 

outcomes—productive alignment, overreliance, or underutilization—depending on whether 

strategists and organizations cultivate the conditions that make calibration feasible. As AI systems 

continue to evolve and spread through strategy work, the theoretical and practical stakes shift. The 

tools themselves diffuse rapidly and symmetrically across rivals; the capability to calibrate reliance 

on them does not. Heterogeneity in how firms govern what AI-generated content is allowed to 

become a decision premise is therefore itself a plausible source of competitive heterogeneity. In 

strategizing—where decisions guide and constrain other decisions—competitive advantage may 

hinge less on whether firms use AI than on how they calibrate reliance upon it at the moments their 

commitments are set. 
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