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Abstract 
Technological development is an integral part of human life that both shape and 
is shaped by society. In today’s volatile society, anticipating and interpreting 
emerging changes is crucial to face future challenges. The predictive abilities of 
Artificial Intelligence (AI) can support planning in such conditions. Yet AI 
adoption remains slow in sectors such as energy systems, and urban 
development, which are characterized by entangled dependencies, critical social 
services, and multiple involved actors and stakeholders, making planning and 
management challenging. This thesis addresses key questions about how AI, 
which relies on historical data, can support future-oriented planning processes 
in such complex systems. From an innovation management point of view, AI 
integration is organizationally challenging, shaped by interacting internal and 
external dynamics – such as tasks, workflows, technical prerequisites, and 
societal trends – calling for a holistic socio-technical perspective to ensure 
feasibility and desirability. 

This thesis promotes “cooperative intelligence” emphasizing humans’ and 
AI’s reciprocal dependencies. AI-integration in complex system planning relies 
on collective sensemaking, especially in the process of constructing meaning of 
potential futures and identifying possible actions to shape those futures. AI’s 
predictive ability can guide the navigation of uncertainty and ambiguity in this 
process and contribute as boundary objects in mediating meaning across 
domain and organizational boundaries. However, it can also embed historic 
conditions and introduce new uncertainties. This duality calls for conscious 
involvement and negotiation among diverse actors. 

This thesis sets out to explore how humans together with AI make sense of 
potential futures in complex system planning building on two empirical studies 
in the Swedish energy sector. The first study follows the development of an AI-
prototype to assist planning of energy systems in new city districts. The second 
study investigates the implementation of an AI-tool to assess impacts of societal 
trends on the future energy system.  

The thesis contributes to existing literature by informing how AI connects 
temporal dynamics of imagination and action in human-AI cooperation, how it 
reconfigures cross-boundary collaboration, develops the notion of intelligent 
boundary objects, and how organizational structures need to evolve. It 
contributes to innovation management research, detailing how AI-integration 
shapes prospective sensemaking and strengthens organizational planning 
capabilities. 
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Sammanfattning 
Teknologisk utveckling är en integrerad del av mänskligt liv som både formar och 
formas av samhället. I dagens flyktiga samhälle är det avgörande att kunna förutse 
och tolka framväxande förändringar för att möta framtida utmaningar. Den 
prediktiva förmågan hos Artificiell intelligens (AI) kan stödja planering under 
sådana förhållanden. Ändå går införandet långsamt i sektorer som energisystem 
och stadsutveckling, vilka kännetecknas av sammanvävda beroenden, kritiska 
samhällstjänster och många involverade aktörer och intressenter. Detta gör 
planering och ledning utmanande. Avhandlingen tar upp centrala frågor om hur 
AI, som bygger på historisk data, kan stödja framtidsorienterade planerings-
processer i sådana komplexa system. Från ett innovationsledningsperspektiv är AI-
integration organisatoriskt utmanande och formas av både interna och externa 
faktorer – såsom arbetsmoment, organisatoriska arbetsflöden, tekniska 
förutsättningar och samhällstrender – vilket motiverar ett helhetsperspektiv som 
inkluderar samspelet mellan sociala och tekniska aspekter i AI-integration för att 
säkerställa genomförbarhet och önskvärdhet. 

Denna avhandling lyfter fram "samverkande intelligens" som betonar 
människors och AI:s ömsesidiga beroende. AI-integration i planering av komplexa 
system behöver beakta kollektivt meningsskapande, särskilt i processer för 
meningsskapande av möjliga framtida scenarion och överväganden av 
handlingsalternativ för att forma dessa. AI:s prediktiva förmåga kan vägleda 
navigering genom de osäkra och tvetydiga förhållanden i denna process, och 
fungera som gränsobjekt för att medla meningsskapande över domän- och 
organisationsgränser. AI kan dock också bädda in historiska förhållanden och 
introducera nya osäkerheter. Denna dualitet kräver medvetet engagemang och 
förhandling mellan olika aktörer. 

Avhandlingen syftar till att utforska hur människor, tillsammans med AI, förstår 
potentiella framtida scenarier i planering av komplexa system med utgångspunkt i 
två empiriska studier inom den svenska energisektorn. Den första studien följer 
utvecklingen av en AI-prototyp för att stödja planering av energisystem i nya 
stadsdelar. Den andra studien studerar implementeringen av ett AI-verktyg som 
analyserar påverkan av samhällstrender på det framtida energisystemet. Detta 
empiriska sammanhang ger rika möjligheter att utforska framtidsperspektiv och AI 
i planering av komplexa system.  
Avhandlingen bidrar till befintlig litteratur genom att klargöra hur AI kopplar 
samman tidsdynamik relaterat till förställningsförmåga och handling i samarbetet 
mellan människa och AI, hur den omformar gränsöverskridande samarbeten, 
utvecklar begreppet intelligenta gränsobjekt och diskuterar hur organisations-
strukturer behöver utvecklas. Den bidrar till innovationsledning och hur AI-
integration förbättrar meningsskapande av framtiden och stärker organisationers 
planeringsförmåga. 
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Definitions of critical terminology 
Agency refers to the degree to which an agent demonstrates: goal-directedness, 
autonomy, efficacy, and planning capability. Actors can exhibit varying degrees 
of agency. The AI systems studied in this thesis exhibits limited agency. From a 
socio-technical system’s perspective AI is embedded in its context and can shape 
its environment, including human and organizational practices. 
 
Ambiguity refers to situations with abundance of information that allow for 
multiple interpretations.  It relates to the difficulty to transform available 
information into knowledge. Mediation of ambiguity requires deeper 
understanding of the information at hand rather than more information. 
 
AI-integration in this thesis encompasses both the development of AI-tools or 
services, and their implementation into organizational operations. 
 
Artificial Intelligence (AI) in this thesis is defined as algorithmically based 
applications that perform cognitive tasks traditionally associated with humans. 
This thesis examines weak AI that thinks rationally to support human-defined 
tasks rather than act autonomously. 
 
Complex systems refer to large-scale technical systems, such as energy 
systems, that consist of interconnected subsystems and the organizations that 
develop, operate and maintain them. They exhibit emerging properties, long 
lifecycles, involve multiple stakeholders and interdependencies exceeding the 
comprehension of any single actor. 
 
Complexity refers to the condition in which system behavior emerges from 
numerous interdependent components and interactions, i.e. the system is more 
than the sum of its parts. In complex systems, causal relationships are difficult 
to trace, predict, or control due to system size and emergent properties.  
 
Human-AI cooperation describes the asymmetric but complementary 
relationship in which humans and AI jointly contribute to cognitive processes. 
Humans support AI e.g. by defining goals, preparing data, and evaluating 
outputs, while AI augments human sensemaking by integrating and analyzing 
large datasets. 
 



 xv 

Sensemaking is a social and cognitive process through which actors interpret 
ambiguous or uncertain situations by extracting cues from the environment to 
guide action. It is an ongoing process grounded in both retrospection and 
forward-looking imagination. In complex systems, it is often a collective process 
of multiples actors interacting to construct shared meaning and coordinate 
action. 
 
Socio-technical systems emphasize the interdependency of social and 
technical components in organizations, including actors, organizational 
structures, tasks, and technology. These components are reciprocally related 
and changes in one component will affect the others, rejecting technological 
determinism. 
 
Uncertainty refers to a lack of information that limits actors’ ability to 
interpret situations. It represents the gap between what is known and what 
needs to be known and can be mediated through additional information. 
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1 Introduction 
All technological innovation is the result of human creativity and interaction, yet 
its consequences often extend far beyond the initial intentions. The 
technological development in turn transforms society and becomes an 
inseparable part of our lives. The digital development and Artificial Intelligence 
(AI) integrate previously separate domains, such as electricity systems, district 
heating, and transportation, into tightly integrated infrastructures. Despite AI’s 
many possibilities, this growing integration and interconnectedness make the 
socio-technical systems that AI is integrated into more volatile and 
unpredictable. From an innovation management perspective, such 
environments require organizations to develop the ability to anticipate and 
interpret emerging phenomena. While AI’s predictive and analytic capabilities 
can support this future-oriented activity, effective innovation involves more 
than the adoption of new technologies (Verganti et al., 2020). It requires 
organizations to develop processes and capabilities needed to make sense of, 
and act towards, possible futures. AI adoption necessitates joint navigation of 
uncertainties across organizational boundaries, building capabilities to 
anticipate, interpret, and respond to change collectively in an increasingly 
volatile and uncertain environment. 
 
As one of the most disruptive technologies of our time, AI is positioned to 
reinforce organizations’ prospective capability through predictive analytics, 
pattern recognition and decision-support functionalities. However, not all 
sectors are as fast to grapple the AI trend (McElheran et al., 2024) and 
organizations in general struggle to gain business advantage from AI-
integration despite the wide interest across society (Chowdhury et al., 2022). 
Incorporation of AI into complex technical systems often lags behind in 
industries such as health care and urban development, where interdependent 
socio-technical structures can slow down new technical adoptions (Poon et al., 
2025; Sanchez et al., 2023). This further reinforces the continuous need for 
investigating implications and possibilities of AI-integration for innovation 
management (Füller et al., 2022). Challenges in such environments are rooted 
in the inherent complexity of the systems which are profoundly influenced by 
shifting societal behaviors, embedded in critical societal functions where failure 
may have severe consequences, constrained by strict regulatory and privacy 
requirements, and often burdened by legacy design choices and fragmented data 
dispersed in outdated systems (Park, 2025). The interplay of such social and 
technical factors influences the future of these complex systems making 
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prospection intrinsically challenging. Moreover, AI’s profound reliance on 
historical data, raises questions about its ability to provide meaningful insights 
about planning of uncertain futures, a concern voiced by participants in the 
empirical studies included in this thesis. 
 
To understand the research context of complex system planning, the thesis leans 
on socio-technical systems theory, which captures aspects essential to 
innovation management (Appelbaum, 1997). At its core, it emphasizes the need 
to optimize the integration of social and technical components in organizational 
design of complex systems (Ropohl, 1999). Importantly, a social-technical 
perspective supports a holistic understanding and rejects technological 
determinism, emphasizing that technology does not dictate organizational 
forms but rather enables organizational choice and flexibility in response to 
environmental complexity. This thesis contributes to innovation management 
literature by exploring sensemaking processes related to the integration of AI 
into the organizational process of complex system planning. In particular, the 
thesis explores how organizations engage in future-oriented planning, bridge 
organizational boundaries, and mobilize AI capabilities to generate value in 
forward-looking organizational processes (Gephart et al., 2010; Sergeeva et al., 
2026). In this thesis, the term “AI-integration” refers to the entire process of 
introducing AI into complex system planning, including both the development 
of AI-tools or services and their implementation into organizational operations. 
 
This thesis builds on two empirical studies of AI-integration in energy system 
planning. These studies explore organizational factors important in the process 
of shaping future socio-technical systems enhanced by AI. A striking example of 
how social factors can shape technical systems is apparent in efforts to establish 
a national agreement on how energy companies should market environmentally 
certified district heating, an initiative that some of the interviewees had been 
engaged in prior to my empirical study. As one of Sweden’s larger district 
heating customers, present in every region, the Swedish Church noticed 
inconsistencies in how energy companies labeled climate compensated products 
and how they marked their origin. The same product could be labeled differently 
depending on the regional provider. In some regions, it was marketed as 
climate-compensated and environmentally friendly, while in others it lacked 
such labels. This inconsistency created confusion for the Swedish Church which 
was struggling to transparently disclose its environmental efforts across all 
regions. To mediate the confusion, the Swedish Church took the initiative for the 
investigation that would map climate compensated and origin-marked products 



 3 

offered by energy providers across Sweden (Westerberg et al., 2023). The 
investigation found that environmental certification often responds to customer 
requests that focus narrowly on emissions within the district heating system 
itself. This kind of “accounting” perspective ignore system effects, neglecting the 
many clear benefits of district heating compared to alternative heating options 
which would be noticeable with a wider system perspective. To address this, the 
Swedish Church-initiative drafted proposals for redefining environmental 
products based on actual environmental benefits grounded in such a system 
perspective.  
 
This example illustrates the socio-technical perspective used to frame energy 
system planning, the empirical context of this thesis. It demonstrates how social 
dynamics are deeply intertwined with technical structures in complex systems, 
and how social activities, such as the Swedish Church’s efforts to improve the 
sustainability for their activities, can influence the functioning and perception 
of the technical system, i.e. the energy companies’ environmental offers of 
district heating. 
 

1.1 AI-integration in complex systems 
Complex systems in this thesis refers to technically complex systems such as 
energy systems, and the corresponding organization(s) that develop, maintain 
and operate them (Mayntz & Hughes, 2019). Although all organizations exhibit 
some degree of complexity, these large-scale technical systems’ characteristics, 
including advanced technology, diverse knowledge needs, and 
interconnectedness between technical subsystems, form a complexity that far 
exceeds the comprehension of any single actor (ibid). However, such technical 
systems are not separated from the social systems around them. This context 
has implications for AI-integration, making it difficult to anticipate 
consequences due to intricate interconnections between technical subsystems, 
challenges of overseeing and account for the entire socio-technical system, and 
ambiguities regarding system boundaries. Nevertheless, AI-integration has 
been acknowledged to change both technical and social dimensions reciprocally 
throughout the system’s lifecycle (Yu et al., 2023). Characteristics that would 
formerly be constrained to the social subsystem make their way into the 
technical subsystem including cognitive capabilities, agency, autonomy, and 
adaptability. Such changes will influence the social subsystem, by altered 
processes, organizational structures, tasks, and roles, and will require new 
capabilities from human actors (Chowdhury et al., 2022; Xu & Gao, 2024). 



 4 

Simultaneously, human capabilities and social trends and behaviors will affect 
the technical system (Yu et al., 2023). The rapid integration of AI across society, 
including complex systems, indicates the need to further study such 
organizational aspects to ensure beneficial outcomes for humans and society 
(Xu & Gao, 2024) and thus potentially enhance innovation capabilities in the 
organizations (Gama & Magistretti, 2025). Consideration of both socio- and 
technical components is essential for examining sensemaking of AI-integration 
in complex system planning (Baer et al., 2025), which extends beyond human-
AI interactions to encompass changes to organizational aspects (Herrmann & 
Pfeiffer, 2023). 
 
Resent research on AI-integration in organizations emphasize that successful 
AI-integration infer a balance of automation and augmentation rather than 
replacement of human roles (Raisch & Krakowski, 2021). This shift reframes AI 
as a cooperator rather than a substitute for human labor (Wilson & Daugherty, 
2018), underpinning the concept of cooperative intelligence, where AI systems 
augment human cognitive strengths, while humans also augment machines. 
Chowdhury et al. (2022) identifies knowledge sharing as a foundational enabler 
of such cooperative intelligence, enhancing organizational capabilities and 
enabling organizations to navigate turbulent environments while maintaining 
workforce engagement (Chowdhury et al., 2022). Kolbjørnsrud (2024) 
elaborates on organizational factors critical for leveraging human-AI 
cooperative intelligence and conceptualizes the organizational outcome as a 
function of the cognitive capability of individual actors, the diversity of these 
capabilities and relevance to the task at hand, the supporting organizational 
structures and processes, and the organizational culture (e.g. psychological 
safety and trust) that enables knowledge sharing. 
 
Developing and operating complex systems inherently requires cross-
organizational collaboration between actors with diverse domain knowledge, 
perspective and time horizons (Chowdhury et al., 2022). Effective AI-
integration, in turn, call for a multi-level perspective, spanning micro-level 
workflows, meso-level organizational structures, and macro-level societal 
impacts, to address diverse stakeholder perspectives and ensure both feasibility 
and desirability in complex environments (Ropohl, 1999). It involves 
sensemaking across boundaries to jointly negotiate future scenarios. Yet, how 
AI can inform the process of navigating actions towards desirable futures is still 
largely unexplored (Augustine et al., 2019). Such cross-boundary prospective 
sensemaking is often facilitated by boundary objects that enable communication 
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and coordination between actors with diverse backgrounds and knowledge 
bases (Carlile, 2002; Corsaro, 2018; Dionne & Carlile, 2025). These are 
increasingly enabled by AI, creating intelligent boundary objects that may take 
on some traditionally human tasks (Caccamo et al., 2023; Lakemond et al., 
2021; Standaert & Andries, 2026) and are likely to reshape the knowledge work 
across boundaries and redefine system boundaries (Anthony et al., 2023; 
Langley et al., 2019). 
 

1.2 Prospection and AI 
Planning and developing complex systems for the future involves prospective 
cognitive processes through which actors interpret past and present to envision 
potential futures (Kaplan & Orlikowski, 2013). AI strengthens the connection 
between past, present, and future by leveraging historic data to generate insights 
of possible future scenarios. The increasing integration of AI into complex 
system planning thus underscores the potential to enhance prospective 
sensemaking by integrating computational foresight and human interpretative 
capabilities (Jarrahi, 2018). AI’s analytical capability to identify and interpret 
emerging patterns in volatile and complex environments can complement 
human sensemaking of desired futures (Rindova & Martins, 2022). The 
interplay between algorithmic capabilities and human interpretive practices 
shapes how organizations envision and enact possible futures (Hernes & 
Schultz, 2020). Exploring this joint effort of AI and human actors to understand 
how each contribute to a cooperative intelligence for prospective sensemaking 
(Sagodi et al., 2023) is essential for organizational resilience and innovation 
particularly when envisioning distant future scenarios in complex systems. This 
implies a holistic examination of the temporal dimension of AI-integration, 
including both design and future use of the AI-application in its context, an 
aspect that remains underexplored (Bailey & Barley, 2020).  
 
Sensemaking, as conceptualized by Weick et al. (2005), is a cognitive process 
through which human actors transform ambiguity into comprehensible 
situations by interpreting cues in the environment that guide action. However, 
it is also inherently social and iterative, grounded in both retrospective 
interpretation and forward-looking imagination unfolding in the present 
(Kaplan & Orlikowski, 2013). In complex systems, sensemaking extends beyond 
human cognition. This collective sensemaking effort, involving multiple actors 
embedded in organizational and social processes, makes communication and 
interaction important to shape shared meanings and coordinate action. In fact, 
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organizations seek to strengthen their capability to prepare for uncertain futures 
by exploring the emerging phenomenon of using AI in complex systems such as 
planning energy systems (Park, 2025; Ångström et al., 2023). Organizations 
adopt AI for multiple reasons, such as reducing maintenance costs and predict 
investment needs while ensuring continuity of critical social services. Practical 
challenges related to AI-integration in complex systems are connected to data 
accessibility, financing, and knowledge acquisition (Adeyeye & Akanbi, 2024; 
Basole et al., 2024; Park, 2025; Ångström et al., 2023). However, a more holistic 
perspective to understand how these challenges influence prospective 
sensemaking processes is still needed. 
 
Previous empirical work highlights the prospective dimension of sensemaking 
in the context of AI-integration (Goto, 2022; Poudel, 2019; Sagodi et al., 2024). 
While resolving some uncertainties, AI is often perceived to increase 
uncertainty, prompting actors to accept the future as “ever-changing” and foster 
iterative processes (Goto, 2022). Prospective sensemaking is fundamentally 
about navigating and reducing ambiguity when imagining multiple possible 
futures in the absence of reliable information (Weick, 1995). Moreover, AI-
integration intensifies the need for collective sensemaking across heterogeneous 
actors and socio-technical boundaries, which requires iterative negotiation 
between actors, such as domain experts, data scientists, and managers, to 
reconcile technical constraints and business requirements (Sagodi et al., 2023). 
Such diverse actors’ future perspectives often vary substantially in temporal 
depth, necessitating reconciliation of  near- and distant-future perspectives 
(Augustine et al., 2019; Mohammed & Harrison, 2013). It is thus an iterative 
process that requires cycles of sensegiving, sensebreaking, and sensemaking to 
co-construct shared understandings and actionable pathways. 
 

1.3 Research purpose 
The above-mentioned studies converge on the central argument that integrating 
AI into organizational practices requires more than technical deployment. It 
demands deliberate consideration of human and organizational dimensions, 
addressing both social and technical aspects, and the interactions between 
them, in order to enhance innovation capabilities (Gama & Magistretti, 2025). 
Previous research highlights the need to reconfigure organizational tasks and 
processes, enable human collaboration across organizational and domain 
boundaries, and reconsider the temporal, social, and epistemic foundations of 
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sensemaking as AI and human intelligence are jointly mobilized in complex 
system planning.  
 
Against this backdrop, the purpose of this thesis is to investigate the emerging 
phenomenon of human-AI joint sensemaking of potential futures for complex 
system planning. The research examines the sensemaking processes that unfold 
when AI is integrated into complex system planning, taking on cognitive tasks 
that require reasoning and intelligence and can be assigned some degree of 
agency. Particular attention is given to the temporal dimensions of sensemaking 
and sensemaking across organizational boundaries. This aim is further broken 
down into two research questions that guide the exploration: 
 
RQ1. How does the integration of AI reconfigure (human) collaboration across 
boundaries in complex system planning? 
 
RQ2. How do temporal considerations relate to cross-boundary sensemaking 
in AI-enhanced complex system planning? 
 

1.4 Outline for kappa 
This thesis is structured as follows. Chapter 2 presents the theoretical 
framework, reviewing literature on AI’s role in organizations, prospective and 
collective sensemaking perspectives, including boundary objects and cross-
boundary collaboration. Chapter 3 outlines methodological considerations and 
research design, introducing the empirical setting and the studies on which this 
thesis is based. It also describes the data collection process, analytical approach, 
and applied quality criteria. Chapter 4 presents the appended papers and 
elaborates their contributions to this thesis. Chapter 5 addresses the research 
questions, by integrating insights from the appended papers to deepen the 
understanding of human-AI cooperation in sensemaking for complex system 
planning. Chapter 6 concludes the thesis by summarizing its theoretical and 
practical contributions, outlining limitation, and suggesting directions for 
future research to further enhance our understanding of human-AI cooperation 
in making sense of complex system planning. 
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2 Theoretical background 
This chapter presents the theoretical foundation for the research. First, it 
reviews research on AI-integration in organizations and complex systems from 
a socio-technical perspective, including cooperation between human and 
artificial intelligence, to clarify what is currently known and to outline aspects 
relevant to human-AI joint efforts to make sense in complex system planning. 
Second, it examines literature on sensemaking, with particular attention to 
concepts that illuminate human-AI cooperation to make sense of potential 
futures in complex systems, which often involves collaboration between 
multiple human actors across organizational and domain boundaries. Finally, 
the chapter synthesizes these streams of literature and highlights the theoretical 
concepts that form the basis for examining human-AI joint sensemaking of 
potential futures in this thesis. 
 

2.1 AI in organizational settings 
2.1.1 Brief history of AI development 

The development of AI began in the 1950’s (Haenlein & Kaplan, 2019). Early 
research focused on symbolic reasoning and rule-based systems, producing 
programs capable of solving puzzles or playing games such as chess (Russell & 
Norvig, 2016). However, these systems struggled to handle real-world 
complexity and ambiguity. Interest in AI declined due to unmet expectations of 
these early systems but revived in the 1990’s with the rise of statistical learning 
methods and increased computational power (Gil et al., 2019; Romeo & Lacko, 
2025). AI systems became more robust and were applied in areas like speech 
recognition, fraud detection, and logistics. A new era arrived in the 2010’s, 
driven by the convergence of big data, cloud computing, and deep learning 
(LeCun et al., 2015). Recently, large language models have enabled general-
purpose AI-tools like ChatGPT, accelerating the adoption of generative AI across 
society and organizations. 
 
2.1.2 Conceptualization of AI in complex systems 

AI is not a single technology (Gil et al., 2019), but rather a set of properties or 
functionalities embedded in an application or technical system. What is 
considered as AI also evolves following the technological development and our 
understanding thereof (Berente et al., 2021). AI-integration in complex systems 
may therefore involve multiple and heterogeneous applications designed to 
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address different aspects of the system, meaning that the chosen types of AI 
adopted can vary substantially. 
 
Numerous definitions of AI exist, each reflecting specific underlying 
assumptions (Enholm et al., 2022). Russell and Norvig’s (2016) basic 
framework categorizes these definitions along two dimensions: whether the 
focus is on AI’s thought processes and reasoning, or observable behavior; and 
whether performance is measured against human capabilities, or rational ideals, 
see Figure 1. An important distinction lies between “weak AI” considering AI for 
solving specific tasks that are difficult for humans, and “strong AI” considering 
AI as a system that mimics human intelligence and cognitive processes (Enholm 
et al., 2022; Verganti et al., 2020). The type of AI examined in this thesis aligns 
with weak AI, thinking rationally to resolve humanly defined tasks, indicated 
with a bold outline in Figure 1. The joint effort of AI and human intelligence to 
plan energy system assumes that AI contributes with something that 
complements human performance. In the case studies included in this thesis, AI 
contributes with cognitive abilities but does not act autonomously, the focus is 
thus on AI’s thought processes rather than action. 
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Figure 1. Dimensions for defining AI based on Russell and Norvig (2016) 

 
With AI’s increasing ability to take on cognitive tasks and make independent 
decisions, discussions regarding the agency of AI have emerged (Floridi, 2025). 
Agency is commonly assumed to be binary in the current discourse, either 
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dismissing agency entirely or equating AI agency with human agency. However 
it is increasingly acknowledged that entities can demonstrate varying degrees of 
agency (Dattathrani & De’, 2023). Defining such differences in agency allows 
recognition of performative and functional equalizes with human agency, while 
not ignoring ontological differences (Schreiber, 2024), and differentiation 
between types of AI systems. Floridi (2025) introduces the idea of Artificial 
Agency to better understand the nature of AI’s agency and integration with 
human social structures. He describes it as a computational, goal-driven form 
of agency that is defined by human purposes but that unlike human agents lack 
consciousness and intentionality. This conceptualization highlights the 
importance of accountability, as responsibility ultimately resides with human 
actors and organizations that design, deploy, and govern these systems 
(Ågerfalk, 2020). 
 
Applying Dung’s (2025) dimensions for nuancing degrees of agency to the AI 
examined in this thesis indicates that they exhibit a limited degree of agency. 
The studied AI systems exhibit some degree of goal-directedness as they aim to 
visualize feasible configurations of the future energy system and otherwise 
clearly indicate problems to human actors. When it comes to autonomy, they do 
not act without intentional intervention from the outside. Nor are they able to 
affect the world around them without another actor’s mediation, exhibiting no 
efficacy. Planning is the aim of these systems, and they do exhibit the ability to 
make decisions temporally dependent on other decision to achieve goals and 
make long term predictions. However, they rely on humans for higher motives 
and reasons that can guide such decisions and do not demonstrate any 
intentionality. Overall, these dimensions indicate that the AI-applications 
studied in this thesis show very limited agency compared to human agents. 
 
However, this limited degree of agency should not be interpreted as AI not 
having any influence in complex system planning. Rather, AI embedded in a 
socio-technical context can shape its environment, including human action and 
organizational practices (Orlikowski & Scott, 2008). Moreover, the perception 
of AI agency is shaped by the system level adopted in the analysis. Different 
analytical levels reveal different causal structures (Ropohl, 1999; Simon, 1962), 
and behaviors that appear autonomous at one level may be understood as tightly 
constrained at another. From a socio-technical perspective, agency is relational 
and emerges through interactions between human, organizational, and material 
components (Orlikowski & Scott, 2008). When analysis encompasses the full 
socio-technical lifecycle of AI-integration, including design, development, and 
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integration within complex system planning, AI behavior appears confined by 
human decisions, organizational logic, and infrastructural conditions. However, 
when analytical attention narrows to a single system level, such as the 
operational use of an AI-based planning tool, the technology’s output becomes 
more salient, while its socio-technical dependencies may not be noted 
(Suchman, 2007). This emphasizes AI’s material capabilities which can result in 
the perception of a stronger agency. Thus, the perceived agency of AI is not a 
fixed attribute of the technology, but an effect of the analytical perspective and 
the system level from which the socio-technical system is examined. 
 
2.1.3 Human and artificial intelligence in organizations 

Intelligence is often seen as an information-processing capability for solving 
problems in which knowledge is fundamental (Glynn, 1996). It can be defined 
as “a person’s capability to process, interpret, encode, manipulate, and access 
information so as to acquire, retain, and apply knowledge quickly and 
successfully to meet external challenges or solve problems in a particular 
domain or context” (Sternberg, 1985 in Glynn, 1996). On an organizational level, 
intelligence can be defined as an information-processing capability that is a 
social outcome of the individual intelligence among its members, including the 
interactions between individuals’ contributions (Glynn, 1996). Kolbjørnrud 
(2024) develops this social aspect of organizations’ collective intelligence as a 
function of several organizational factors, as defined in the introduction, in 
which both human and artificial intelligence can take part. 
 
The literature on AI in organizational settings includes a varying terminology 
referring to the joint efforts by humans and AI. The discourse have largely 
shifted from viewing AI as a replacement for humans, to considering it a 
complement that can augment human cognition, which has placed emphasis on 
human-AI collaboration and the concept of collaborative intelligence 
(Chowdhury et al., 2022; Wilson & Daugherty, 2018). While human-AI 
collaboration and collaborative intelligence adequately acknowledge humans’ 
role to support AI, as well as AI’s ability to augment human intelligence, it 
implies some degree of agency assigned to AI to be able to collaborate. As many 
AI-systems currently in use display limited agency, an alternative terminology 
have been adopted in this thesis. The terms human-AI interaction and human-
centered AI are frequently used within Human-Computer-Interaction literature 
focusing primarily on the interactional dynamics and design principles to ensure 
usability of the AI. These terms generally don’t explore distributed 
organizational processes or the collective outcome of multiple actors that are 
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central in complex system planning (Sharma & Shrestha, 2024; Xu et al., 2021). 
Collective intelligence usually refers to a group of homogeneous individuals with 
similar kind of intelligence, whereas hybrid intelligence refers to 
complementary types of intelligence (e.g. humans and machines) (Dellermann 
et al., 2019; Jarrahi et al., 2022). While both these terms are used in 
management research, this thesis will henceforth use the terms human-AI 
cooperation and cooperative intelligence to emphasize the asymmetry in agency 
and capabilities, and to further acknowledge the socio-technical aspects of the 
distributed knowledge work implied in complex system planning.  
 
2.1.4 Organizational adoption of AI 

The use of AI in organizations is continuously evolving and realizing its benefits 
requires organizational adaptations (Ångström et al., 2023). It holds potential 
to manage the growing amount of information while reducing both risk and 
costs in the innovation process (Haefner et al., 2023). Although no universal 
method for AI-integration is available (Kemp, 2024) it typically requires 
creating new organizational roles and units, adjusting processes and structures 
to accommodate data pipelines, algorithm development, and software 
architecture (Seidel et al., 2018; Ångström et al., 2023).  
 
Data is the foundation for AI development, yet, its value materializes only when 
data-derived outputs are incorporated into human sensemaking (Lycett, 2013). 
By analyzing data, AI can assist in extracting information that humans can 
process into meaningful insights that enhance the understanding and thereby 
reduce the perceived uncertainty (Szukits, 2022). Davenport and Prusak (1998) 
define data as objective facts, with no inherent meaning, no judgement or 
interpretation and information as contextualized and shaped for a purpose with 
meaning added by the creator. However, data is also formed by our prior 
understandings. The context from which the data are derived is essential and is 
shaped by considerations regarding which data is collected to represent a certain 
phenomenon, how the data are recorded, when, and how frequently (Jones, 
2019; Ångström et al., 2023). It is influenced by technical conditions of what is 
possible to record as well as human judgement of what is worth collecting data 
about. Moreover, data management is costly, imposing necessary prioritizing of 
what data to collect and what data to extract and analyze (Canhoto & Clear, 
2020). The actual use of data in AI-integration thus depends on several factors 
including the competence of organizational actors to identify, collect, and 
analyze. Successful AI-integration depends on extensive domain knowledge 
throughout the entire integration process, from identifying available data, 
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identifying relevant signals in complex environments, to evaluating the 
usefulness of the AI-generated output (Haefner et al., 2023). AI can boost 
innovation by more effectively exploit available data collected about a certain 
phenomenon, but to further expand the possibilities for innovation 
organizations need to explore outside the well-known sources (ibid). Moreover, 
it requires close collaboration between AI-developers and domain experts with 
deep knowledge of business goals and existing data and processes (Ångström et 
al., 2023). To comprehensively investigate AI-integration from a socio-technical 
perspective, the entire process needs to be acknowledged, from the design to the 
implementation and use in the organization (Bailey & Barley, 2020). 
 
2.1.5 Human-AI cooperation 

Raisch and Krakowski (2021) argue that AI can assist humans in two primary 
ways: by automating tasks and thereby freeing human cognitive abilities for 
more complex tasks, or by augmenting human cognitive abilities. AI’s analytic 
capabilities, such as extracting patterns from vast datasets and perform data-
driven statistical inference, can reduce uncertainty in decision-making. 
However, human intuition remains essential for final judgements, as 
uncertainty and ambiguity typically persist (Jarrahi, 2018). Moreover, the 
concept of cooperative intelligence extends beyond merely augmenting human 
cognition. It recognizes humans’ role in developing, improving, and 
contextualizing algorithms, thereby challenging the view of AI as a purely 
rational or objective actor. Instead, AI systems are shaped by human 
considerations and actions. Consequently, AI’s presumed objectivity can be 
questioned, it may not always mediate human shortcoming, but can preserve 
biases, limit creativity, and intensify existing inequalities (Anthony et al., 2023; 
Weiser & von Krogh, 2023). Humans augment AI through activities such as 
explaining AI’s behaviors to non-experts and sustaining AI systems through 
continuous monitoring, maintenance, and adaption (Wilson & Daugherty, 
2018). 
 
Anthony et al. (2023) distinguish three perspectives to understand AI’s role in 
organizations: AI as a tool, as a medium, or as a counterpart. This thesis 
primarily adopts the perspective of AI as a medium, which emphasizes AI’s role 
of supporting collaboration among human actors, facilitating sensemaking, and 
enabling collective knowledge development. From this perspective, AI can 
function as a boundary object that assists in creating shared understanding 
across actors. However, if the technology is poorly understood it may also 
negatively affect human activities and collaborative processes. While the 
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perspective of AI as a medium provides valuable insights into human-AI 
cooperation, it offers limited considerations of AI’s systemic aspects. 
Accordingly, although the AI studied in this thesis exhibits limited agency 
consistent with the AI as a medium perspective, certain aspects of AI as a 
counterpart are also relevant. AI as a counterpart highlights the importance of 
examining AI within its context, including both development and integration, to 
understand its role within the overall complex system (Bailey & Barley, 2020; 
Kemp, 2024). 
 

2.2 Sensemaking in complex systems 
Sensemaking is a central element in the planning of complex systems (Weick & 
Sutcliffe, 2015). AI has the potential to support human sensemaking by enabling 
simulations and the exploration of multiple future scenarios, thereby supporting 
an understanding of implications of change in complex systems (Hao et al., 
2024). Because AI both shapes and is shaped by the complex system into which 
it is integrated, it becomes relevant to examine how AI-integration affects 
sensemaking processes in complex system planning (Sagodi et al., 2023). 
 
Traditionally, sensemaking is described as a social and cognitive process 
through which individuals retrospectively interpret lived experiences and create 
meaning. It involves interpreting environmental cues in relation to individually 
formed mental models to address uncertainty and ambiguity (Maitlis, 2005). 
Sensemaking is a deliberate process that is volatile and dynamic, triggered by 
unexpected or confusing circumstances that call for explanation (Golob, 2018). 
It is largely a social process embedded in its context, although it is likewise a 
cognitive process on the individual level. Sensemaking relies primarily on 
abductive reasoning through which actors search for the most plausible 
explanations by generating hypotheses that can account for experienced 
circumstances, clarify what is at stake, and identifying possible courses of action 
(Klein et al., 2007). Abstraction plays a critical role in this process, as it enables 
actors to cope with complex environments, however, overly simplified 
abstractions risk introducing distortions and misguided explanations (Klein et 
al., 2007). This continuous, abductive process of improving the currently most 
probable interpretation by generating new cues through acting and thereby 
generate better explanations is central in organizational science (Maitlis & 
Christianson, 2014; Sandberg & Tsoukas, 2015; Weick, 1988). In this process, 
sensebreaking plays a central role by challenging established mental frames and 
thereby triggering renewed cycles of sensemaking (Medlin & Törnroos, 2014). 
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2.2.1 Complexity, uncertainty, and ambiguity in complex systems 

Sensemaking is crucial to manage complex systems (Weick & Sutcliffe, 2015) 
due to what Weaver (1948) refers to as organized complexity. A commonly 
accepted characteristic of complex systems is that they are more than the sum 
of their parts, i.e. emergent properties arise at higher system levels that cannot 
be produced by individual components on their own (Holland, 2014; Simon, 
1962). While the influence of components or subsystems on overall system 
behavior may be deducible in small systems, this becomes practically infeasible 
as the number and interdependencies of components increase. Although system 
behavior may in principle be derived from basic physical laws, the sheer scale 
and interconnectedness of complex systems make such calculations infeasible 
in practice (Weaver, 1948). When systems reach a certain size, they exhibit 
unstructured complexity, where statistical methods can estimate the likelihood 
of aggregated behaviors. In contrast, organized complexity, characteristic of 
complex systems such as energy systems, is neither fully deducible from physical 
laws, nor predictable through statistical methods. This condition necessitates 
sensemaking as a means of interpreting pattern, relationships and implications. 
 
Complex systems can be described as either states or processes, and the ability 
to translate between these perspectives is essential for sensemaking and 
effective action in complex environments (Simon, 1962). Organizational goals 
are often articulated as desired future states, yet achieving them requires 
identifying and navigating processes that can lead to those states (Feuls et al., 
2025). Accordingly, the development and management of complex systems 
involve continual, iterative shifts between descriptions of state-based 
representations and process-based understandings, enabling actors to 
coordinate future goals and ongoing action. 
 
Complexity influences the perceived uncertainty and ambiguity, concepts that 
are frequently discussed within sensemaking (Weick, 1995). Uncertainty usually 
triggers sensemaking as a result of difficulty to interpret a situation, while 
ambiguity triggers sensemaking as a result of confusion (ibid). Uncertainty 
derives from a lack of information (Szukits, 2022) and affects the ability to 
interpret a situation and can often be reduced by acquiring additional 
information (Weick, 1995). Abbott (2005) defines uncertainty as the gap 
between what is known and what needs to be known to make an informed 
decision. In complex systems, the large number of interdependent components, 
their diverse nature, and the emerging properties they produce tend to amplify 
perceived uncertainty as complexity increases (Weick et al., 2005). The 
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integration of AI further intensifies this perception of uncertainty among actors  
involved in system development (Sagodi et al., 2023), given the dynamic and 
evolving functionality of AI (Ångström et al., 2023). Moreover, AI systems are 
often difficult to specify upfront because of their ability to learn and act 
autonomously, adding to the perceived uncertainty (Berente et al., 2021; 
Ozkaya, 2020). 
 
Ambiguity, on the other hand, arises when there is an excess of information that 
allows for multiple interpretations of a situation (Weick et al., 2005). It relates 
to the ability to transform information into knowledge (Szukits, 2022). Unlike 
uncertainty, ambiguity cannot be resolved by simply adding more information, 
rather it points to a need for deeper understanding and sensemaking of what is 
already known, not the addition of more information (Klein et al., 2007). 
Ambiguity tends to increase when the number and diversity of actors involved 
in the system grow (Maitlis & Lawrence, 2007). 
 
2.2.2 Collective sensemaking 

Sensemaking is always embedded in a social context and can therefore be 
understood as an inherently collective process. In complex settings, multiple 
actors’ different information and knowledge, need to be aligned to accomplish 
tasks and build sufficient understanding. According to Weick (1979), organizing 
emerges when individuals’ understandings of their environment begin to 
converge. In this view, sensemaking overlaps with organizing and can be 
described as shared, or sufficiently aligned, meanings which both enable and 
constitute coordinated action (Sandberg & Tsoukas, 2015). However, 
developing a fully shared understanding among actors with substantially 
different perspectives is costly, as this typically requires extensive interaction. 
In complex and loosely coupled systems, it may therefore be more appropriate 
to speak of equivalent rather than fully shared meanings, that is, interpretations 
that are sufficiently compatible to support coordinated yet flexible action (Weick 
et al., 2005). Collective sensemaking is particularly critical in complex systems, 
where no single actor can attain a complete overview and where complementary 
knowledge across multiple disciplines is required. In such contexts, human 
values play a central role as guiding principles that support meaningful 
interpretation and learning (Ropohl, 1999). 
 
Senge (1997) emphasizes the importance of actors stepping back to reflect on 
their own role within the larger system and its interrelations with surrounding 
systems. Compared to individual sensemaking, collective sensemaking is both 
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more demanding and fragile, as it entails more possible occasions for 
breakdown, however, it can unfold differently depending on the type of team 
and context (Klein et al., 2010). In collaborations among actors with divergent 
knowledge backgrounds, particularly where communication and coordination 
are not formalized, diverse beliefs can be expected. As individuals tend to notice 
cues that align with their existing beliefs, such diversity increases the likelihood 
that someone will detect cues that are important for the collective sensemaking 
process (Weick, 1995). This diversity is also beneficial during the AI-integration, 
for example for identifying which data are relevant for representing a certain 
phenomenon (Jones, 2019), thereby reducing the risk for overlooking 
peripheral but consequential cues. At the same time, acting on such distributed 
insights can be more challenging for groups than for individuals, as relevant 
information may not be communicated to other team members or may be 
disregarded when shared  (Klein et al., 2010). 
 
Stigliani and Ravasi (2012) describe collective sensemaking as an iterative 
process between individual and collective sensemaking, emphasizing the 
importance of knowledge contribution from diverse actors to build shared 
understanding. This process involves exposure of ideas, assumptions and 
interpretations through the sharing of individual experiences and knowledge. 
When these ideas and interpretations are articulated and embodied in artifacts, 
they become available for collective elaboration, supporting the evolution of 
early, provisional understandings into more nuanced and complex 
interpretations. Gattringer et al. (2021) identify the articulating phase to be 
especially important in cross-industry settings, where actors are exposed to 
unfamiliar information and practices making sensemaking especially 
demanding. In such contexts, making personal mental models explicit is 
essential for identifying flaws and misconceptions and for enabling 
understanding of other’s perspectives (Stigliani & Ravasi, 2012). Central to this 
process is the development of a shared vision of the future system and the 
cultivation of creative tension between the current state and a desired future 
state. Resolving this tension benefits from collaborative efforts that draw on 
multiple perspectives and forms of expertise (Senge, 1997). Furthermore, 
sensegiving plays a crucial role in this process, as actors actively attempt to 
influence and support others’ sensemaking processes (Gioia & Chittipeddi, 1991; 
Stigliani & Ravasi, 2012). 
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2.2.3 Cross-boundary collaboration 

Collaboration across boundaries is an integral part of AI-integration. Domain 
actors and AI-developers need to converge their expertise in the development of 
AI (Ozkaya, 2020; Ångström et al., 2023). This entails collaboration across 
knowledge boundaries, and in many cases across organizational boundaries 
when AI expertise is not available internally and must be accessed through 
collaboration with external actors. Such boundaries often impede transfer, 
translation and transformation of knowledge (Carlile, 2002). Carlile (2002) 
describe three types of boundaries: 
- Syntactic boundaries arise from differences in terminologies, format, or 

vocabularies that hinder knowledge exchange. From an information 
processing perspective, the central challenge is to establish a shared 
language that enables actors to transfer information without 
miscommunication. 

- Semantic boundaries stem from differences in interpretation caused by 
divergent contexts, experiences and knowledge bases. Even when a 
shared language exists, actors may ascribe different meaning to the same 
information. Addressing semantic boundaries therefore requires 
processes of translation that highlight the differences in interpretation. 

- Pragmatic boundaries concern differences in interest, objectives, and 
practical consequences of knowledge use. At such boundaries, 
knowledge needs to be transformed to become useful across contexts. 
This involves adapting existing knowledge, creating new knowledge, and 
validating knowledge in practice to make sure it is meaningful across 
boundaries (Carlile, 2004). 

 
Knowledge is understood as situated and embedded in local practices, implying 
that the greater the differences between practices across boundaries, the more 
challenging knowledge exchange becomes. Knowledge develops over time 
through experience and is essential to deal with complexity, volatility, 
uncertainties, and the unknown. It can be conceptualized as information 
processed in the mind of individuals (Davenport & Prusak, 1998) and as 
personalized information that relate to facts, procedures, concepts, 
interpretations, ideas, observations, and judgement (Alavi & Leidner, 2001). 
Consequently, for data and information to be meaningful across boundaries, 
actors need to share at least part of a common knowledge base (Davenport & 
Prusak, 1998). Knowledge is situated and embedded in local practices that are 
often difficult to change (Dionne & Carlile, 2025). Building on this, Dionne and 
Carlile (2025) introduce four types of knowledge work across boundaries, each 
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supported by boundary objects that reflect the character of the boundary work 
involved. Exploring implies establishing a common language and meaning to 
enable knowledge exchange across syntactic boundaries. Complementing 
entails cross-boundary learning about differences and limitations, and 
development of methods that support knowledge exchange without altering 
existing practices. Mapping refers to the integration of cross-boundary 
knowledge into new representations such as maps, and modelling involves using 
this integrated knowledge to develop common goals, typically through the 
construction of models or plans. 
 
2.2.4 Boundary objects in sensemaking of complex systems 

Narratives are the dominating medium of social interaction in sensemaking 
studies, however it is not the only means through which people coordinate the 
construction of meaning. Other mechanisms to align meaning include 
prototypes, stereotypes, and roles, that provide alternative input and structure 
in sensemaking processes (Weick, 1995). Boundary objects, that is, artifacts 
used to facilitate communication across social boundaries (Star & Griesemer, 
2015) are one such mechanism and play a critical role in negotiating meaning 
among actors with different perspectives, interests, and knowledge bases 
(Carlile, 2002). The concept of boundary objects originated in studies of 
distributed AI systems to describe artifacts that need to be flexible enough to 
accommodate different viewpoints while remaining stable enough to preserve 
their identity across contexts (Csaszar & Steinberger, 2022; Star, 1989). 
Boundary objects embody knowledge and can be used for problem solving 
(Bechky, 2003). They are particularly important for coordinating and 
communicating among actors in complex environments (Kostis & Ritala, 2020). 
In the context of AI-development, boundary objects, such as educational 
material and data visualizations, can structure knowledge and support shared 
meaning-making, especially by enabling the involvement of domain actors who 
are not familiar with AI-development practices (Ayobi et al., 2021; Cai et al., 
2021). The related concept of material memory refers to artifacts that can 
offload cognitive human effort by externalizing and storing ideas, 
interpretations, and understandings for later retrieval. Such artifacts bridge 
gaps in time, knowledge domains, and individuals (Stigliani & Ravasi, 2012). 
This notion aligns with distributed cognition which emphasizes how artifacts 
extend human cognitive capacities (Hutchins, 1995; Secchi, 2010). Moreover, 
material objects can serve as a resources for imagination and articulation of 
distant futures, enabling actors to anchor future-oriented sensemaking in 
tangible representations (Hernes & Schultz, 2020). Caccamo (2020) presents 
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four affordances of boundary objects important for collaborative innovation: 
convergence of separate experiences to enable deep knowledge sharing and 
cooperation; generativity allowing open-ended modifications to support the 
generative nature of innovation; socialization to create shared practices, 
cultures and values by selection and modification of objects; and collaborative 
learning by developing new skills and self-awareness through interaction with 
shared objects, triggering reflexivity through sensemaking and sensegiving. 
 
The introduction of AI in boundary objects themselves transforms them into 
intelligent boundary objects (Caccamo et al., 2023; Kot & Leszczyński, 2020; 
Lakemond et al., 2021). By generating insights from vast and heterogenous data 
sources, AI shifts knowledge sharing and learning processes from traditional 
sender-receiver dynamics towards processes that emphasize content 
development, interpretation, and absorption (Sundaresan & Zhang, 2022). AI-
tools can thus function as boundary objects that support knowledge exchange at 
the interface between actors, both human and artificial, in multiple ways by 
structuring representations and guide attention toward relevant issues 
(Standaert & Andries, 2026). The effectiveness of intelligent boundary objects 
depends on both technical and social integration, as this shapes how successfully 
knowledge can be decontextualized and recontextualized across boundaries 
(Fong et al., 2007). By taking on a cognitive task such as analyzing, structuring 
and presenting information, AI can participate actively in cross-boundary 
knowledge exchange processes. In doing so, intelligent boundary objects may be 
perceived to exhibit some degree of agency, as discussed earlier, contributing to 
the organizational cooperative intelligence (Standaert & Andries, 2026) and 
augmenting human cognitive abilities across knowledge boundaries (Raisch & 
Krakowski, 2021). This development underscores the need for deeper 
understanding of how the intelligence of diverse actors, both human and 
artificial, can be leveraged, and of the organizational mechanisms through 
which AI shapes the combination, transfer, diffusion, and mapping of 
knowledge to relevant problems (Glynn, 1996). 
 
2.2.5 Prospective sensemaking and future-making in complex systems 

More recently, innovation management scholars have shown increased interest 
in understanding the future, intensifying research attention on prospective 
sensemaking. Prospective sensemaking can be defined as “the conscious and 
intentional consideration of the probable future impact of certain actions, and 
especially non-actions, on the meaning construction processes of themselves 
and others” (Gioia et al., 1994, p. 378). It plays a central role in planning, which 
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can be understood as a structured social process for understanding and 
managing uncertainty by linking causal factors between past, present, and 
future (Abbott, 2005; Gephart et al., 2010; Kaplan & Orlikowski, 2013). Such 
causal factors may relate to internal dynamics, external forces, human behavior, 
and chance. Past and futures are connected through activities of the present, the 
locus of experience and where actors actively interpret signals and enact 
potential futures (Hernes & Schultz, 2020). 
 
Temporality serves as a conceptual lens for analyzing situations in which time is 
a central dimension (Blagoev et al., 2024). It may refer to the pacing, speed, 
rhythm, and timing of events and activities, or to the temporal orientations and 
processes through which actors interpret their environments (Blagoev et al., 
2024; Hernes & Schultz, 2020; Kaplan & Orlikowski, 2013). From a process 
perspective, the further into the future, the more causal factors diverge from the 
past and present, making distant futures increasingly unpredictable. 
Consequently, distant-futures are less influenced by past and present conditions 
than near-futures which remain more tightly coupled to present and past 
dynamics (Rindova & Martins, 2022). Engaging with multiple futures with 
varying temporal depth helps actors identify cues that are critical for 
sensemaking (Das, 2004), and the complementary roles of near and distant 
futures in organizing should not be prioritized on the expense of one another 
(Chen et al., 2021). Hernes and Schultz (2020) concept of temporal translation 
captures how different temporalities can interact, for example by showing how 
imagined futures reshape present work processes. This perspective aligns with 
findings that stakeholders involved in AI-integration increasingly view futures 
as tentative and continually evolving, reflecting uncertainties and complexities 
associated with this new technology and requiring ongoing revision of 
envisioned futures (Goto, 2022). Moreover, ‘distance’ to the future is not only 
chronological, but also psychological, reflecting how near and distant futures are 
perceived by actors (Augustine et al., 2019). 
 
In complex system development, trial and error methods are often 
unacceptable, as these systems typically provide critical societal services and 
failures can have severe consequences. Under such conditions, imagination, 
storytelling, and scenario simulations become important tools for designing 
systems to meet future needs and manage uncertainty and ambiguity (Weick & 
Sutcliffe, 2015; Wright, 2005). These foresight and future-making practices rely 
on prospective sensemaking (Rohrbeck et al., 2015) while simultaneously 
providing structure that support collective sensemaking processes (Tapinos & 
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Pyper, 2018). AI and particularly machine learning has become increasingly 
valuable in such foresight processes by assisting organizations to interpret their 
environments, plan actions, and understand the consequences of those actions 
(Benbya et al., 2021). Its predictive capabilities have proven useful for decision-
making and near-future planning (Pérez-Ortiz, 2024). However, distant futures 
remain inherently difficult to predict as they are shaped by emerging 
possibilities rather than immediate problems (Das, 2004). Future-making can 
therefore be understood as a process of path enactment in which actors 
iteratively connect imagined future with action in the present to realize desired 
futures through collectively defined paths (Feuls et al., 2025). Using AI to 
simulate future scenarios can expand the range of cues available for prospective 
sensemaking, while its ability to derive information from data can reduce 
ambiguity (Lycett, 2013) and thus augment human foresight and support 
planning processes. At the same time, such simulations depend on models that 
inherently simplify reality (Sergeeva et al., 2026). In complex system 
development, this raises concerns, as oversimplification risks overlooking 
critical details that could lead to unexpected behaviors.  
 

2.3 Theoretical synthesis 
This section presents the key concepts, summarized in Figure 2, that underpin 
the analysis and discussion of this thesis. The purpose is to clarify how these 
concepts are interrelated and their relevance for understanding complex system 
planning.  
 
The overall aim of the thesis to examine the emerging phenomenon of joint 
human-AI sensemaking of potential futures for complex system planning, 
guides the selection of theoretical concepts. Sensemaking is therefore the core 
to understanding how the introduction of AI shapes the forward-looking 
processes through which complex systems are planned and developed. This 
focus brings particular attention to prospective sensemaking and to the 
temporal dimensions involved in AI integration, especially given that AI systems 
are inherently trained on and grounded in historical data. Temporal 
considerations thus include both AI development and use, reflecting a broad and 
shifting temporal depth throughout the planning process. The context of 
complex system planning also highlights additional streams of research that 
become relevant under conditions of complexity, uncertainty, and 
interdependence. Effective planning requires collaboration among actors with 
diverse knowledge bases to include both AI-expertise and domain knowledge, 
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and such collaborations often span organizational boundaries. This motivates 
the inclusion of theories on cross-boundary knowledge work to capture shifting 
dynamics that arise at these interfaces, including the role of boundary objects to 
facilitate communication across such boundaries. The introduction of AI into 
this collective planning effort actualizes the consideration of how humans and 
AI cooperate to make sense of future complex systems. The framework therefore 
incorporates perspectives on human-AI cooperation and highlights the dual role 
of AI in relation to uncertainty and ambiguity. While AI offers new possibilities 
for managing uncertainty and ambiguity, it also introduces its own set of 
characteristics that can increase the perceived uncertainty. 
 

         
Figure 2. Synthesis of key theoretical concepts in the thesis 
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3 Methodology 
My PhD-journey began in 2020 as a part of a research project ‘The emergence 
of complex intelligent systems and the future of management’, which included 
four parallel PhD projects. At that time my project carried the proposed title 
‘Mastering Complexity beyond Human Cognition’. This starting point initially 
inspired a strong emphasis on collective and collaborative activities, 
acknowledging that the complexity in the systems under study far exceeds what 
any single person can comprehend. Consequently, addressing such systems 
requires the engagement of multiple actors and disciplines, directing the 
research towards collective sensemaking. Over time, the research focus evolved 
to encompass prospective sensemaking and human-AI cooperation to address 
the challenges of Ai-integration in complex system planning. 
 

3.1 Research approach 
The emerging introduction of AI in complex systems motivated a phenomenon-
driven approach, with the primary objective of describing and conceptualizing 
the phenomenon to enable theorizing (Von Krogh et al., 2012). Derived from the 
Greek word for ‘leading away’, a phenomenon can be understood as noteworthy, 
unexpected regularities not explained by existing theory (Alvesson & Sandberg, 
2024; Von Krogh et al., 2012). Studying new phenomena requires grounding in 
real-world observations and aims to identify emerging trends that may 
significantly shape the future (Fisher et al., 2021). 
 
Phenomena are constructed through a combination of observed data patterns 
and theoretical concepts used to express them (Alvesson & Sandberg, 2024). 
Fisher et al. (2021) describe phenomenon-driven research as an abductive 
process, neither strictly deductive, motivated exclusively by theoretical tensions, 
nor purely inductive, derived directly from empirical data without engagement 
with existing literature. Instead it combines both, recognizing that observations 
of new phenomena are theoretically explored to develop explanations and make 
them understandable (Sætre & Van de Ven, 2021). 
 
Positionality is central in all qualitative research, as our viewpoint inevitably 
colors our vision by limiting the field of view and shaping assumptions deeply 
ingrained in how we perceive the world (Timmermans & Tavory, 2012). 
Similarly, Alvesson and Sandberg (2024) highlight the role of the researcher’s 
pre-understanding of phenomena, including sociocultural preconceptions that 
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influence how we see and reason about them. Without shared pre-
understandings about concepts such as ‘time’, ‘organization’ or ‘planning’, 
researching these aspects become impossible. These pre-understandings are 
largely collective and influenced by social norms, making phenomena 
intrinsically socially constructed. While they often reflect common sense, they 
can also inspire alternative ways of thinking. Pre-understandings which 
underpin my research include that collaboration among diverse actors is 
positive and beneficial, and that responsible AI-integration is possible in a way 
that can benefit humanity and society. Sensemaking studies generally align with 
a social constructionist view, acknowledging the subjective process through 
which individuals shape their environment while simultaneously being shaped 
by them. However, when describing the empirical context to express its 
theoretical contribution I noticed that it is easy to oscillate between a 
constructivist and a realist ontology which also reflects abductive reasoning and 
can help understand the phenomenon under study (Weick, 1995). 
 
My research initially adopted a strong inductive stance, visible in the appended 
papers, allowing the empirical material to guide the study’s direction. With time, 
inevitable theoretical choices introduced more deductive elements, and 
abductive reasoning came to characterize the process used in the writing of the 
thesis, relating empirical data and existing theories and expanding them to 
encompass the phenomenon of AI-integration in complex systems. The first two 
papers were framed as inductive studies where data analysis employed first and 
second order coding to develop theoretical contributions. Even in this inductive 
approach the phenomenon was driving the research (Corley & Gioia, 2011; 
Eisenhardt & Graebner, 2007). Eisenhardt and Graebner (2007) describe how 
inductive theory building begins with a theoretically grounded research 
question aimed at exploring an identified research gap. Similarly, Timmermans 
and Tavory (2012) emphasize the central role of theory for abductive theory 
building, which depends on the ability to recognize unexpected regularities, a 
capacity that is strengthened through familiarity with relevant theories. This 
motivates the researcher to go back and forth between empirical data and 
existing theory in order to “generate novel theoretical insights that reframe 
empirical findings in contrast to existing theories” (Timmermans & Tavory, 
2012). Such an approach also resembles inductive theory-building processes 
such as the Gioia methodology (Gioia et al., 2013), and that is well-suited for 
case-based theory building (Siggelkow, 2007). Abductive reasoning, can also be 
associated with grounded theory-inspired research, due to the iterative 
revisiting of the phenomenon under study in the interview transcripts and notes 
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(Timmermans & Tavory, 2012). Phenomena usually overwhelm initial 
perceptions but revisiting them in notes and transcripts allows re-experiencing 
observations from different theoretical angles and at different points in time. 
 

3.2 Study design 
Case studies are recognized as a suitable method for exploring emerging 
phenomena, such as AI-integration into complex system planning (Eisenhardt 
& Graebner, 2007). This thesis draws on two empirical studies conducted within 
the domain of energy system planning. The first case study also formed the 
empirical basis for my licentiate thesis (Särner, 2024). Both studies were 
designed to investigate sensemaking in the context of AI-integration in complex 
systems.   
 
The first case was purposefully selected (Patton, 2014) for its rich diversity of 
actors with distinct backgrounds and knowledge domains. The case selected was 
a project aiming to develop an AI-tool to provide enhanced information in the 
early phases of urban planning. Participants included representatives from the 
Swedish municipality, the local energy company and AI developers, providing a 
socio-technical context suitable for studying sensemaking around AI and its 
potential to augment energy planning for new city districts. However, the project 
produced a functional prototype that did not become operationalized in 
subsequent projects. 
 
Insights from the first study informed the selection of the second, which sought 
a broader understanding of AI use in energy system planning, and a study of an 
AI-application already in operational use. This study combined interviews with 
several energy companies and AI companies, a workshop with energy 
companies, and an in-depth analysis of a project where an AI-tool assisted in 
analyzing future energy demand for the grid development plan. This project 
involved collaboration between an AI start-up and an energy company, 
providing valuable insight about the practical integration of AI in energy system 
planning. 
 

3.3 The empirical context 
3.3.1  Complex systems as a socio-technical systems’ context 

Energy systems constitute the complex system context of this thesis. Several 
related terms are used to describe systems of similar characteristics. Two that 
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frequently appear in relation to energy systems are System of systems (SoS) and 
Cyber-Physical Systems (CPS). System of systems typically refers to large scale 
infrastructure systems, emphasizing loose coupling, coordination, and 
interoperability across technical domains (Pettersson et al.). Cyber-Physical 
Systems, by contrast, refer to systems in which computational components 
monitor and control physical processes and where digitalization and 
interconnectedness have expanded, embedding them in critical societal 
functions such as energy systems (Ramli, 2025).  
 
As outlined in the introduction, this thesis approaches energy systems through 
socio-technical system theory and the literature of Complex Products and 
Systems (CoPS). These perspectives align more closely with the characteristics 
of energy systems in this research context, as they place greater emphasis on the 
interplay between technical components, organizational structures, 
institutional arrangements, and human practices (Ropohl, 1999). This 
socio-technical framing thus provides the conceptual foundation for 
understanding energy systems as complex, evolving, and deeply interdependent 
configurations of social and technical elements. 
 
Within the CoPS literature, Davies and Hobday (2005) describe systems that are 
high-cost, engineering-intensive, and highly interconnected, with long lifecycles 
and relying on collaboration of multiple stakeholders across departments to 
operate, maintain, and develop. Such systems often exhibit emerging and 
unexpected properties. Energy systems classify as a Large Technical System 
(LTS), a subset of CoPS, that provides infrastructure for other systems and 
enable activities in other complex systems such as manufacturing or 
information systems. Hughes (1987) describes LTS as consisting of five 
reciprocally dependent components: physical artifacts, organizations, 
legislative artifacts, natural resources and system builders. The characteristics 
of each component thus derive from the system configuration rather than from 
isolated components. A similar logic is found in Leavitt’s (1965) model of 
complex systems which identifies task, structure, people (actors), and 
technology as mutually interdependent elements shaping organizational 
development. In addition to above mentioned aspects, digital artifacts have 
become an integral part of these systems, supporting activities such as control, 
analysis, monitoring, and decision-making (Lakemond et al., 2021). 
 
Moreover, socio-technical systems theory recognizes three hierarchical levels 
across which actions transform input into output, that are critical to understand 
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complex systems, as changes at one level can reverberate across others (Ropohl, 
1999): 

- Micro-level: individuals and groups forming work systems where work 
activities are performed, e.g. production lines or service units 

- Meso-level: organizational structures and processes, e.g. corporate 
planning 

- Macro-level: societal and institution domains, including communities, 
industrial sectors and institutions in the surrounding environment. 

 
These characteristics are important for understanding and developing complex 
systems such as energy systems. The socio-technical system theory 
complements CoPS by more explicitly acknowledging the volatile and 
multifaceted environments in which such systems operate. An integrated 
perspective of these key elements is illustrated in Figure 3. Continued 
digitalization and the integration of AI further reshape the balance between 
these system components, influencing both technical and social subsystems and 
altering the situated socio-technical environment (Sagodi et al., 2023). 
 

 
Figure 3. System aspects shaping complex system understanding  

(drawing on Leavitt (1965); Hughes (1987)) 

 
Although Figure 3 captures many relevant dimensions and their entanglement, 
it does not fully convey the intrinsic complexity of these systems. Complex 
systems are difficulty to grasp in their entirety due to inherent uncertainty and 
ambiguity, and multiplicity of internal and external interdependencies. 
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Moreover, the figure does not reflect the multitude and diversity of actors 
involved in maintaining, operating, and developing such systems, nor the long 
temporal horizons that often spans decades or centuries. These limitations 
emphasize the need for further investigation into the challenges that arise when 
managing, coordinating, and planning for such complex socio-technical 
systems. 
 
3.3.2 The Swedish energy system 

The empirical context of energy system planning drew my attention due to its 
highly intricate processes within a socially and technically intertwined 
environment. The Swedish energy system, including production, distribution 
and consumption of energy, is characterized by a high degree of 
decentralization, involving numerous actors in both energy production and 
distribution. Its operations and future form are influenced by many factors such 
as weather and climate, urban development, customer behaviors and the energy 
production mix. The energy system consists of several subsystems that are 
mutually dependent, including the electricity system, district heating and 
cooling systems, oil, gas etc. The electrical grid consists of three levels 
(Vattenfall, 2025). A transmission grid that transports large volumes of 
electricity from producers to the regional grid (SvenskaKraftnät, 2024). The 
regional grid, where large consumers often are connected directly, then 
branches out to supply electricity to local grids. Lastly, the local grid distributes 
electricity to households, small companies and social services. Ownership and 
responsibility for delivery reliability within this infrastructure are shared among 
national, municipal, and private actors (SvenskaKraftnät, 2021; Vattenfall, 
2025). The energy system is the foundation for many other systems and 
activities that depend on reliable energy services which influence the future 
development needs of the energy system. District heating and cooling are local 
systems that often use resources that would otherwise go to waste 
(Energiföretagen, 2026). With around 50% of Swedish heating coming from 
district heating, it is an important complement to electrical energy distribution. 
 
3.3.3 Ongoing Transformation and Emerging Challenges 

This empirical context is also relevant due to the rapid and substantial changes 
in both production and use. Despite Sweden’s high share of carbon-free 
electricity generation (Energiföretagen, 2023), the introduction of new energy 
sources and shifting demand-supply patterns pose significant challenges 
(SvenskaKraftnät, 2021). Historically, the Swedish energy system has relied on 
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large-scale nuclear and hydro plants, ensuring stable energy flow. However, 
recent years have seen a rapid growth in  renewable energy sources, largely 
replacing nuclear power, but without the same supply continuity 
(Energimyndigheten, 2024). 
 
Consumer behavior has also evolved. The general electrification trend poses 
significant stress on the electricity grid, motivating energy companies to better 
understand its implications for the future energy system. The widespread 
adoption of solar panels and batteries have introduced local energy production, 
requiring local grids to manage both distribution and production 
(Energiföretagen, 2023). Political initiatives including subsidies and tax 
incentives, further influence consumer choices, contributing to swift changes in 
consumer behavior (Energimyndigheten, 2023). For example, district heating is 
no longer always the default option and is sometimes replaced by geothermal 
energy. While this may be more cost-effective for costumers due to subsidies, it 
significantly alters grid connection requirements, and might not be more 
sustainable from a system perspective (Westerberg et al., 2023). 
 
3.3.4 The Need for Collaboration and Digitalization 

Addressing challenges on both supply and demand sides requires enhanced 
cooperation and cross-sector collaboration (SvenskaKraftnät, 2022). 
Collaboration between regions, research institutes, and the energy sector to 
produce long-term forecasts is a key factor for electrification (SvenskaKraftnät, 
2021). Increased digitalization and new technologies are essential to manage the 
growing complexity and the interplay among an increasing number of actors 
(ibid). Swedish energy companies are gradually turning to new technologies and 
methods, including AI-based solutions, to improve forecasting, scenario 
planning and rapid fault localization (ibid). The increased use of sensors in 
energy system has also escalated the amount of data transforming it into a 
strategic resource with untapped potential (ibid). At the European level, 
coordination will demand standardized information sharing and new 
technologies adapted to the energy sector (SvenskaKraftnät, 2021). To navigate 
the growing uncertainty surrounding the future energy system, trust and data 
governance are critical. Transparency regulations require system operators to 
share open data allowing new actors to develop services that can handle 
challenges such as consumption flexibility or load control (SvenskaKraftnät, 
2021). There is ongoing exploration of how to work with data, enabling AI-
applications for improving energy system performance. The importance of 
effective communication across organizational boundaries is important to 
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capture insights and foster innovation, further emphasizing the need for new 
roles dedicated to coordination and prospective thinking. 
 

3.4 Case study 1: AI-tool development for energy system planning 
The first case examined was a publicly funded project to explore potential use of 
AI in the early phases of the urban planning process. While the initial scope was 
broad, the project soon converged on energy system planning, including CO2 
impact, for new city districts. This case was particularly compelling due to the 
diversity of participating actors, providing rich opportunities to study the 
collective effort required to develop tools that support understanding of systems 
whose complexity goes beyond human cognition. It also aligns with prospective 
sensemaking processes of constructing and negotiating meaning during the 
integration of AI into complex system planning (Gioia & Chittipeddi, 1991). 
 
The AI prototype used historical consumption data for electricity and district 
heating and cooling, combined with historical energy production and weather 
data. Data retrieval proved challenging due to legal restrictions and the 
involvement of multiple actors. Furthermore, consumption and production data 
needed to originate from the same year, as both are highly weather dependent, 
adding further complexity to the data retrieval process. Consumption data were 
categorized, e.g., apartments, offices, schools, and business premises, and 
mapped to the housing mix for the planned city district using estimated surface 
areas from the city plan. The prototype simulated different energy system 
configurations by varying parameters such as solar energy capacity, battery 
storage, and electrical vehicle charging. The simulation output included 
predicted annual energy usage, CO2 impact, and peak loads, supporting the 
decision-making in the urban planning process. 
 
My study of this case began approximately halfway into the AI-development 
project, which limited data collection from the initial phase to retrospective 
accounts. The key informant, with whom I had the first contact, left soon after 
the study began. Fortunately, by then I had already connected with project 
managers and other key participant ensuring continuity of the study. 
 
The primary methods for data collection were semi-structured interviews and 
observations during project meetings. Initial interviews with all main project 
members aimed to capture differences and similarities in their perceptions of 
AI. These interviews gave a general understanding of the project’s vision and 



 33 

progress up to that point while also revealing disagreement about roles, 
confusion about the AI-tool’s capabilities, and frustration over unclear progress. 
These tensions became a central focus as the project evolved, emphasizing the 
importance to gather perspectives from all participants. Snowball sampling 
facilitated access to more peripheral project participants, offering additional 
insights from diverse roles and responsibilities. I also conducted follow-up 
interviews with the core participants during and after the project to understand 
how the perceptions and dynamics evolved over time. 
 
To complement interview data and mitigate potential biases, observations were 
conducted in parallel. The first observed meeting was a stakeholder session 
where the project team presented its status to external stakeholders, including 
representatives from other municipalities and energy companies. Subsequently, 
I attended the sprint meetings for planning, follow-up and demonstrations. All 
meetings were held online due to geographical distance and the ongoing COVID-
19 pandemic, which limited the observational opportunities but provided an 
experience similar to that of the other participants. During observations, I 
remained passive to avoid influencing the interactions, taking extensive notes to 
capture processes and arguments (Ciesielska & Jemielniak, 2018). Occasionally, 
I followed up on observed events in subsequent interviews. 
 
The combination of interviews and observations enabled me to explore 
sensemaking from the ‘outside’ through observed interaction, as well as getting 
‘inside’ accounts reflecting their cognitive processes from the interviews. 
 

3.5 Case Study 2: AI as a Boundary Object in Energy Planning 
The second study was motivated by limitations identified in the first case, which 
focused on the development of a prototype that was never operationalized. 
Therefore, the second study sought AI-applications already in operational use. 
This proved challenging, as most energy companies that were approached 
expressed interest in participating in my research but lacked suitable examples 
of operational AI-applications. However, this search provided the opportunity 
to broadly explore the involvement of AI in energy planning across Swedish 
energy companies. Ultimately, an AI-application used to support the grid 
development plan was located and included in the study. Additionally, a 
workshop with four energy companies was conducted to further explore their 
visions for future AI use, challenges, and enablers in adopting AI. 
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The specific AI-application studied as part of case study 2 originated from a 
collaboration between a local Swedish energy company and an AI start-up. 
Initially, funded by a Swedish research agency the project began with a focus on 
electrical vehicle (EV) load behavior and later evolved to support the grid 
development plan, an official document required by the Swedish transition 
system operator, under a new EU directive. The AI start-up aimed to provide 
decision support services for grid providers to improve planning and investment 
decisions through advanced forecasting and analysis. Their vision was to 
accelerate electrification and the sustainable transition through better data and 
decision support, and to reduce risks of energy shortage and delays in climate 
goals. Their service addressed the complexity of the future grids, where EVs, 
solar panels, and batteries disrupt traditional consumption patterns rendering 
conventional forecasting methods insufficient. 
 
Traditionally, grid planning relied on Excel sheets and standard values for 
housing types and population growth, resulting in rough estimates. The AI 
service enabled more realistic simulations by integrating multiple factors over 
time. It integrated internal energy data with external open data on societal 
behaviors, e.g. EV charging patterns, municipal urban development plans, and 
national forecasts from Svenska Kraftnät. By adjusting parameters, the service 
simulated and visualized the energy load for future scenarios, to support long-
term planning for energy needs. The forecasts extended to 2030-2050 
informing investment decisions, reducing uncertainty, and improving 
efficiency. For example, the service enabled reduction in subscription sizes 
which saved money. While AI was considered a valuable support for analysis 
and work process efficiency, it was not viewed as an autonomous solution and 
human judgement remained essential. The service also facilitated 
communication with boards and decision-makers through visualizations of 
loads and forecasts. 
 
The collaboration was characterized by frequent interactions, with meetings 
every three to four weeks to ensure relevance and alignment on the tool’s 
purpose. The energy company contributed with aggregated internal energy data 
to comply with data privacy regulations. Data retrieval was more complex than 
anticipated, requiring manual extraction from legacy systems and deep domain 
knowledge of both the energy system and data structures. The development 
followed an iterative process, incorporating continuous feedback from the 
energy company. 
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Understanding the AI model and handling the complexity in data integration 
was a challenge for the energy company. Data were stored across technical 
systems including the Net Information system, customer systems, or the 
business systems. Combining these datasets required profound domain 
knowledge to assure data quality. Furthermore, the AI service would require 
continuous updates with fresh data and integration with internal systems. 
 
Other support system providers and energy companies also explored 
possibilities with AI, such as short-term forecasting for operational 
improvements, long-term scenario planning to explore future behaviors, and 
solar panel load calculations. The system providers experienced similar 
challenges to those of AI providers, including data access restrictions, technical 
obstacles and the energy sector’s conservative attitude towards new 
technologies and cloud solutions. 
 

3.6 Summary of data collection 
The core data sources in the case studies have been semi-structured interviews. 
The data collection in case study 1 took place between April 2022 and June 2023 
in which also non-participant observations was an important data collection 
method. The findings from interviews and observations were triangulated and 
complemented with documentation about the case and the sector. Data 
collection for case study 2 was conducted between October 2024 and September 
2025 and included a workshop with four energy companies that explored how 
these organizations use AI in planning future energy systems. 
 
3.6.1 Interviews 

The thesis builds on 42 interviews in total, 25 with 14 persons in case study 1 
and 15 with 15 interviewees in case study 2, to explore their ideas and 
experiences of AI, in relation to future energy systems. See Table 1 for further 
information about the interviewees. All interviews were audio-recorded and 
fully transcribed, enabling later revisitation while allowing full engagement with 
the interviewees’ accounts during the interview. 
 
The interviews were semi-structured to guide the conversation and understand 
the interviewees better, and at the same time be able to adapt the interview to 
the person and situation (Merriam & Tisdell, 2016). Themes and general 
questions were prepared but not followed rigorously or in any specific order. In 
case study 1, situations identified during observations were brought up in the 
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interviews to gain a deeper understanding of the development activities that 
unfold during AI-integration (ibid). The interviews included questions such as 
if the interviewees had experienced anything surprising during the development 
process, and how the communication had functioned among the various actors. 
The purpose of the study was explained at the beginning of the interviews to 
provide an understanding of the project, inviting them to ask clarifying 
questions and enabling them to contribute to the project more actively (Pawson, 
1996). Moreover, consent for recording was sought at the beginning of each 
interview. 
 
Table 1. Interview data 
CASE STUDY 1   
Data source Type of data Use in analysis 
Interviews 
(12 interviews, ~12h) 

Initial interviews with main actors 
(project management, project 
coordinator, developers, clients, and 
experts) to capture individual 
impressions, perspectives, knowledge, 
and backgrounds. Conducted during 
summer and early autumn 2022. 
 

Familiarize with the project 
and the context. 
  

(7 interviews, ~5h) Additional interviews, to get 
clarifications and additional 
information held as follow up 
interviews and with additional actors 
in the project. Conducted during 
winter 2022-2023. 
 

Triangulate information 
from other interviews and 
observations. 

(6 interviews, ~3h) Concluding interviews, conducted at 
the end of the project with the main 
actors to give further clarifications 
and follow up the initial impressions 
and perspectives of the actors. 
Conducted spring and summer 2023. 
 

Triangulate information 
from other interviews and 
observations. 

CASE STUDY 2   
Data source Type of data Use in analysis 
(8 interviews, ~6,5h) In-depth study with actors and 

stakeholders in the project (4 
employees at the energy company, 1 
AI provider, 2 at the net information 
system provider) to capture 
individual impressions, perspectives, 
knowledge, and backgrounds.  

Understand the collaboration 
for integrating the AI-
application in the energy 
planning, including current 
use and future plans. 
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(5 interviews, ~5h) Interviews with other energy 
companies, to get a broad 
understanding of the opportunities 
and challenges in the sector. 
 

Triangulate information 
from other interviews and 
understand the opportunities 
and challenges in the sector. 

(1 interview, ~1h) Interview with other AI-provider, to 
get a broader understanding of the 
opportunities and challenges in the 
sector from the AI-provers point of 
view. 
 

Triangulate information 
from other interviews and 
understand the opportunities 
and challenges in the sector. 

(1 interview, ~1h) Interview with Strategist, for future 
energy & mobility systems at a 
national AI center. 

Triangulate information 
from other interviews and 
understand the opportunities 
and challenges in the sector. 

 
3.6.2 Observations  

Observations were conducted in case study 1. See Table 2 for a summary of the 
meetings in which non-participant observations were performed (Ciesielska & 
Jemielniak, 2018). 
 
Table 2. Observational data sources in case study 1 
Data source Type of data Use in analysis 
Observations 
(~30 min meetings, 

total ~5,5h) 

Notes from observations at biweekly 
team meetings, where interactions 
and collective sensemaking process 
were followed over time. 

Notice significant behaviors 
and occasions relevant to the 
sensemaking process. 
Triangulate information 
from interviews. 
 

(~2h meetings,  
total 4h) 

Notes from observations at reference 
meetings, presenting the results and 
experiences so far and providing 
feedback and discussions from 
external parties with interest in the 
project. 
 

Notice significant behaviors 
and occasions relevant to the 
sensemaking process. 
Triangulate information 
from interviews. 
 

(1h-1,5h meetings,  
total ~5h) 

Notes from observation of work 
meetings, where technical solutions 
or usefulness were discussed. 

Notice significant behaviors 
and occasions relevant to the 
sensemaking process. 
Triangulate information 
from interviews. 
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3.6.3 Secondary material 

Secondary data were collected throughout the studies, including official 
documents such as project reports and official statements, and internal 
documents such as project descriptions and working documents produced in the 
projects. Public documents around the empirical case studies were collected to 
deepen the understanding about the case (Merriam & Tisdell, 2016). Some 
internal project documents were also accessed in case study 1, deepening the 
understanding of the case project. See Table 3 for more information. 
 
Table 3. Document data sources and use 

Data source Type of data Use in analysis 
Secondary material 
(5 documents) 

Internal documents, e.g., 
visualizations of the tool and project 
documents (only case study 1). 

Give insight in the 
sensemaking process over 
time. 
Support and triangulate 
information from interviews 
and observations. 
 

(15 documents) Public documents, e.g., online 
publications and reports. 

Familiarize with the projects 
and the context. 
Support and triangulate 
information from interviews 
and observations. 
 

 
3.6.4 Workshop 

Case study 2 included a half day workshop with 4 energy companies (6 
participants) and was held together with my supervisors. The purpose of the 
workshop was to understand how energy companies make sense of AI to face 
future challenges. Two scenarios were explored in the workshop, Data as 
driving force, and AI competence for energy systems of the future, which the 
participants discussed in two groups, each led by a researcher. The groups 
reunited after each case scenario to present their thoughts in a joint discussion. 
The workshop was recorded and transcribed to be able to return to later in the 
analysis and for the researchers to engage more freely in the workshop.  
 

3.7 Data analysis 
The analyses were guided by the research questions in the papers and 
incorporated all data sources. The interviews and the workshop were 
transcribed and analyzed using thematic coding, incorporating first and second 
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order codes (Miles et al., 2020). These were compared with notes from 
observations and memos from the interviews and the workshop to triangulate 
findings and further guide the analysis. Personally transcribing the collected 
material provided good familiarity with the empirical data. First-order codes 
were kept as close as possible to the informants’ own wording, ensuring fidelity 
to their perspectives. Subsequently, these codes were compared to identify 
similarities and differences, which allowed grouping into a more manageable set 
of themes. In some cases these were further abstracted into “aggregate 
dimensions”, representing the highest level of conceptualization (Gioia et al., 
2013). Connections to prior research were then sought to elaborate and clarify 
the theoretical contributions (Van de Ven, 2007). 
 
To ensure traceability all collected material was systematically organized. This 
included preparatory documents such as interview guides, raw materials such 
as recordings and transcripts, supplementary material such as memos, early 
reflections, and analytical write-ups (Eisenhardt, 1989). While the overall 
analytical approach was consistent, specific strategies varied across the papers. 
 
In paper 1 the analysis focused on constructing a detailed data structure of how 
prospective collective sensemaking processes are enacted in AI development, 
inspired by the Gioia method (Gioia et al., 2013). This was complemented by 
narrative vignettes of significant sensemaking events that helped extract core 
issues from the rich empirical material and convey those to the readers (Barter 
& Renold, 1999; Miles et al., 2020). 
 
Paper 2 adopted a process perspective (Langley, 1999), emphasizing a narrative 
approach to provide a thick description of the project. Two storylines were 
developed to capture sensemaking related to near- and distant-futures. These 
narratives were broken down into critical key events, represented visually to 
illustrate the relations between the sensemaking loops. The analysis was 
supported by first and second order thematic coding (Miles et al., 2020) which 
also facilitated identification of interrelations between the loops. The outcome 
was a combined narrative and visual representation of near- and distant-future 
sensemaking processes. 
 
The analysis in paper 3 was based on a Gioia-inspired data structure (Gioia et 
al., 2013) to analyze the collaboration across organizations of energy companies 
and AI providers to integrate AI in energy system planning. First order codes 
were abstracted into second order themes and aggregate dimensions through an 
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iterative process that involved constant comparison with relevant theoretical 
concepts. Insights from the workshop were included in the thematic analysis 
(Storvang et al., 2017). This approach reflects a more abductive research strategy 
than in previous papers as it combined empirical observations with theoretical 
insights to refine interpretations earlier in the process (Timmermans & Tavory, 
2012). 
 
Similarly, paper 4 adopted a Gioia-inspired data structure focused on the role of 
data in utilizing AI for complex system planning (Gioia et al., 2013) drawing on 
both the interviews and workshop (Storvang et al., 2017). The first order codes 
derived from the empirical material were organized into themes and grouped 
into aggregate dimensions to describe data management aspects relevant for 
how sense is made of the complex system they represent. These were then 
related to the Weick’s (2005) classical sensemaking model (ecological change-
enactment-selection-retention), demonstrating an abductive approach 
(Timmermans & Tavory, 2012). 
 

3.8 Quality criteria 
Ensuring the rigor and credibility of qualitative research is essential for the 
validity of its findings. However, each research approach demands tradeoffs 
between accuracy, generality, and simplicity (Weick, 1979). To explore 
sensemaking and AI-integration in energy system planning, the methodological 
choices in this thesis were guided not only by the research questions, but also by 
the need to establish trustworthiness. Lincoln and Guba (1985) present four 
criteria to ensure trustworthiness in qualitative research; transferability, 
credibility, dependability, and confirmability. These principles underpin the 
analytical strategies, case selection, and data collection methods described 
earlier in this methodology chapter, ensuring that interpretations made are both 
robust and transparent. This section outlines how the thesis addresses these 
criteria within the overall research design. 
 
This research aspires to achieve analytical generalizability by providing in-depth 
insights from illustrative cases. These cases offer opportunities for practitioners 
and academics to be inspired and learn about sensemaking, AI-integration, and 
human-AI cooperation in complex system planning. Comprehensive 
documentation, from data collection to findings, enables the reader to assess the 
transferability of the results to other contexts. Cases were selected for their 
potential to demonstrate the emergent phenomenon and generate insights 



 41 

relevant to the research purpose. Rich empirical material and narrative 
descriptions were provided to allow comparison with other cases (Miles et al., 
2020). Narrative and visual mapping strategies supported close engagement 
with the data (Langley, 1999). Any theoretical contributions have been explicitly 
stated, linked to prior research, and accompanied by suggestions for future 
research (Miles et al., 2020). 
 
Credibility was strengthened by the use of interviews and observation as 
primary data collection methods, providing a ‘thick’ description of the studied 
case (Miles et al., 2020). Triangulation, by comparing and contrasting data from 
different sources, supplemented by documentation and workshop material, 
further reinforced credibility (Merriam & Tisdell, 2016). Visualization of the 
thematic analysis, inspired by Gioia et al. (2013), ensured traceability from 
theoretical constructs back to the empirical data (Merriam & Tisdell, 2016). 
 
Dependability has been pursued through transparency with the participants. 
The research background and aim was explained at the start of the interviews 
(Miles et al., 2020), and draft papers were shared with interested participants, 
which fostered trust with the interviewee (Merriam & Tisdell, 2016). Efforts 
were made to interview as many actors as possible to capture diverse 
perspectives of the subject at hand, and follow-up interviews with key actors 
enhanced the dependability (Miles et al., 2020). 
 
Methodological choices were documented carefully to support confirmability, 
maintain neutrality, and avoid unacknowledged bias when generalizing the 
findings and relating them to theory (Miles et al., 2020). Thematic analysis 
demonstrated traceability from theory to data (Merriam & Tisdell, 2016). 
Reflexivity was integral throughout the data analysis. Personal assumptions and 
biases were addressed through discussion with the research group, iterative 
interpretations with supervisors and co-authors, and feedback from 
international research conferences that refined the interpretations (Merriam & 
Tisdell, 2016). Transparent reporting of the data collection and analysis 
processes further strengthened the confirmability (Miles et al., 2020). 
 

3.9 Statement of AI use 
AI-based tools were used during the writing process to support language clarity 
and improve textual coherence. AI tools were not used for data analysis, theory 
development, or interpretation. All analytical decisions, sensemaking processes, 
and conclusions are my responsibility alone.  
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4 Papers and summaries   
The four appended papers in this thesis all address sensemaking of AI-
integration in complex system planning but highlight different aspects that 
together can give a fuller comprehension of the phenomenon of study in this 
thesis. Paper 1 contributes with insight regarding the collective sensemaking 
process across organizational and knowledge boundaries explicating 
sensemaking behaviors and discussing boundary objects in the cross-boundary 
collaboration of AI development. Paper 2 focuses on the different temporalities 
involved in the AI-integration process and the iterations between them bringing 
near or distant-future sensemaking into foreground. Paper 3 examines cross-
boundary collaboration, exploring AI’s role as a boundary object in different 
dimensions of knowledge work across boundaries. Finally, Paper 4 investigates 
different practices of data management for complex system planning and its role 
for prospective sensemaking in complex system planning. 
 

4.1 Paper 1. Prospective sensemaking in the FEI of AI projects  
Authors: Elinor Särner, Anna Yström, Nicolette Lakemond, & Gunnar Holmberg. 
Published in: Research-Technology Management Volume 67 issue 4, June 2024, 72–83. 
https://doi.org/10.1080/08956308.2024.2350407 
Authors contribution: I initiated the paper and was the principal author. I initiated and 
designed the study with the support of 3rd and 4th authors and took the main responsibility for 
the empirical work. The initial data analysis and theoretical framing was done in collaboration 
with the 3rd and 4th authors. I was the main writer in all parts of the manuscript, supported by 
the 2nd author, and was responsible for paper submissions to conference and journal. 3rd and 
4th authors provided feedback on the manuscript on several occasions. 
 
 
This paper, based on the first case study, discusses the prospective and collective 
sensemaking process of the diverse project participants collaborating in the 
development of the AI-tool intended for energy system planning in new city 
districts. It is framed on the Front End of Innovation (FEI) phase where 
challenges in the collaboration risks prolonging this phase undesirably. 
Diverging understandings among the actors regarding functionality and 
requirements for the AI-tool, as well as difficulties to form a shared 
understanding of its usefulness, were observed. These differences highlighted 
two groups of actors: domain actors representing the energy system and 
municipality, and AI developers. The paper aims to show how prospective 
collective sensemaking processes are enacted in the Front End of Innovation of 
an AI project. 

https://doi.org/10.1080/08956308.2024.2350407
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These collective sensemaking processes are illustrated in two vignettes 
capturing two critical sensemaking episodes that outline the different actors’ 
sensemaking behaviors. The vignettes outline how the sensemaking behaviors 
of the actors shifted over time as the project progressed. The analysis identifies 
a misalignment of sensemaking processes between system actors and AI 
developers as they strived to reconcile multiple understandings of the future 
functionality of the AI-tool. The actors alternated between ‘seeking’, 
‘disengaging’, and ‘supporting’ prospective sensemaking behavior over the 
duration of the project. 
 
The first vignette illustrates engagements in discussions around ownership of 
the AI-tool. These discussions engaged mainly the domain actors that were 
‘seeking’ collective sensemaking to understand the future use of the AI-tool. 
Meanwhile the AI developers were ‘disengaged’ and did not find the discussions 
relevant for their work. However, the AI developers ‘supported’ the domain 
actors with occasional sensegiving by sharing previous experiences from similar 
AI-projects. The second vignette illustrates an episode later in the project when 
the focus had shifted towards the technical development. At this point the AI 
developers were ‘seeking’ collective sensemaking to understand the context of 
use to know how to develop the tool. Project management tried to ‘support’ the 
collective sensemaking by returning to low-fidelity prototypes that had been 
developed in the early stages of the project. However, the domain actors 
experienced confusion about the progress of the project and chose to leave the 
project soon after the first demonstrations of the functional prototype. They 
thereby demonstrated ‘disengagement’ from collective sensemaking motivated 
by a perceived inability to contribute to the project. 
 
The findings highlight how prototypes can bridge AI related knowledge 
discrepancies, support alignment of collective sensemaking processes, and 
engage previously disengaged actors into the collective sensemaking process. 
Low fidelity prototypes in the form of simple wireframes drawn in a PowerPoint 
mock-up, helped domain actors elaborate what functionalities the AI-tool could 
hold, informed by challenges they had faced in their work. However, the AI-
developers found the low-fidelity prototypes too rudimentary to meaningfully 
inform their work and therefore did not engage them to participate in collective 
sensemaking. Later, when the functional prototype had evolved sufficiently to 
demonstrate, the developers actively sought collective sensemaking to better 
understand potential use cases, using early versions of the AI-tool as a boundary 
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object. This indicates that a sufficient level of detail is important to support and 
engage AI developers in collective sensemaking, while domain actors may 
benefit from less detailed prototypes. 
 
Contributions to thesis 

Focusing on the development of the AI-tool, this paper highlights the 
situatedness of AI-applications in complex systems. This indicates that the 
development of AI-applications is an integral part of the AI-integration in 
complex systems where the unique conditions make it hard to use readymade 
solutions. The paper contributes to the thesis by exploring the dynamics of the 
collective sensemaking process in this AI-integration process for planning of 
energy systems. This process entailed exploring AI-opportunities and possible 
use cases, in parallel with investigation of technical prerequisites and 
development of the AI-tool. The analysis explicates how diverse domain 
expertise and perspectives necessary for exploring opportunities and use cases, 
are integrated with AI-expertise required for the technical development, by 
describing three different collective sensemaking behaviors: ‘seeeking’, 
‘disengaging’ and ‘supporting. These behaviors contribute to the understanding 
of how different domain actors’ knowledge, and the expertise of AI-developers, 
interact to reciprocally build a common understanding of AI’s opportunities and 
constraints in context of complex system planning. 
 
These sensemaking behaviors contribute to the thesis by enhancing our 
understanding of how the collaboration unfolds across organizational 
boundaries during projects of AI-integration as the participants in the project 
came from different organizations. Therefore, the findings from the paper also 
inform how cross-organizational knowledge work unfolds during AI-integration 
in complex systems. The use of the AI-application as a boundary object, and the 
integration process to develop it, thus contribute to the understanding of the use 
of boundary objects in complex systems planning, and emerging phenomenon 
of intelligent boundary objects. The domain actors’ engagement in how such 
intelligent boundary objects could be used in their operations also informed how 
human-AI cooperation can develop in the prospective process of planning future 
complex systems. 
 
Moreover, the paper contributes to the thesis by showing that the level of detail 
in prototypes influences their usefulness as boundary objects in collective 
sensemaking processes among actors with diverse knowledge backgrounds. 
During the development of the AI application, developers expressed a need for 
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greater detail in low-fidelity prototypes, while did domain actors attempting to 
understand how the application would be used in practice. This difference 
highlights how varying information needs shape collective prospective 
sensemaking in complex system planning. By relating boundary objects to 
distinct sensemaking approaches, the paper deepens the understanding of how 
prototype fidelity influences collaboration across organizational boundaries. In 
particular, it shows that the level of analysis emphasized by collaborating actors 
plays a crucial role in enabling effective cross-boundary collaboration. 
 

4.2 Paper 2. Utilizing AI in Complex System Planning: Exploring 
Interrelated Future Perspectives in Prospective Sensemaking 

Authors: Elinor Särner & Anna Yström. 
Publication status: Under review in Creativity and Innovation Management. 
Conferences: Presented at the EGOS conference in Cagliari, 6-8 July 2023, and in a 
reworked version presented at EGOS conference in Milan, 4-6 July 2024. 
Authors contribution: I initiated the paper and was the principal author. I initiated and 
designed the study and took the main responsibility for the empirical work. The data analysis 
was done in collaboration with the co-author. I developed the theoretical framing that was 
further elaborated jointly with the co-author. I was responsible for paper submission to 
conferences and journal submission and was main writer in all parts of the manuscript. 
 
 
Based on the first case study, this paper examines how the future perspectives 
of the actors involved in the prospective sensemaking process interrelate in the 
development of an AI-application for complex system planning. In particular, it 
explores the relation between historical data, the near-future AI-development 
project, and the distant-future imagination of plausible, possible, and desired 
futures that the AI-application is expected to support. The findings reveal two 
distinct yet interrelated sensemaking loops involved in the development of the 
AI-application for energy system planning: near- and distant future 
sensemaking. In addition, they identify two dimensions of prospective 
sensemaking that unfold in parallel: sensemaking of AI possibilities and 
sensemaking of complex systems. 
 
The near-future sensemaking loop is closely connected to the development 
process of the AI-application and involves activities such as understanding data 
needs, information exchange between actors, and forming assumptions about 
the future that directly influence design decisions. The distant-future 
sensemaking loop relates to the development of the complex systems itself, i.e. 
the energy system within the broader urban development process, and 
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encompasses challenges such as understanding what AI can do, how the 
organizations are affected, and consideration about end-user experiences. 
Although both loops rely on active involvement from a diverse set of actors with 
expertise spanning AI-development, energy systems, and urban planning, one 
loop tends to foreground the other depending on ongoing project activities and 
inclinations of participating actors. The interrelations between these near- and 
distant-future loops provide important cues for understanding prospective 
sensemaking in complex system development, where near- and distant-future 
considerations coexist and interact across the two sensemaking dimensions. 
Together, these dynamics illustrate the intricate and iterative process through 
which desirable futures are imagined and negotiated in the AI development 
aimed to support complex system planning. 
 
The findings contribute to the prospective sensemaking literature by illustrating 
how the AI-development triggers these interrelations across temporal horizons 
on which the collective prospective sensemaking processes appear to depend. 
The analysis further suggests that when the near- and distant-future loops are 
not meaningfully connected, the collective sensemaking process risks 
fragmentation, as actors lose shared forums for interpreting cues and 
coordinating action. Moreover, the interrelations between the loops help reduce 
perceived psychological distance to distant futures and exemplify a process of 
path enactment, whereby shifts between temporal horizons appear to make 
imagined futures progressively more tangible and actionable. 
 
The paper also contributes to literature on AI augmentation by illustrating how 
human cognition and organizational capabilities can be augmented in practice, 
and by identifying critical steps through which opportunities of AI use are 
recognized and articulated across diverse future perspectives. In doing so, the 
findings underscore that identifying AI possibilities is not purely a technical or 
analytical task, but a fundamentally human and collective sensemaking 
accomplishment that precedes and shapes subsequent choices about potential 
AI integration. 
 
Contribution to thesis 

This paper contributes to the thesis by conceptualizing AI-integration as a 
process of iterating temporality. By distinguishing near- and distant-future 
sensemaking and explicating the dynamic connections between them, this paper 
illustrates how collective prospectives sensemaking in complex system planning 
shifts between multiple future perspectives throughout the AI-integration 
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process. It highlights how this process depends on the contribution of multiple 
actors with diverse expertise and future perspective, who direct the collective 
focus of the AI-integration to aspects spanning different temporal horizons. 
 
The paper further informs the thesis by illustrating how AI-integration 
strengthens the connection between temporal horizons as data are modeled to 
generate AI-produced artifacts that inform the understanding of potential 
futures. AI thus makes the relationship between past, present, and future more 
explicit within prospective sensemaking processes. At the same time, the paper 
highlights the essential human role in imagining future scenarios, particularly 
in articulating assumptions about future trends and system developments that 
cannot be directly inferred from historical data alone. 
 
Moreover, the paper contributes to this thesis by indicating how AI not only 
augments human prospective sensemaking processes, but also augments 
organizational capabilities over time, and thus strengthen collective 
sensemaking capabilities. This occurs as organizations adapt work processes, 
coordinate routines, and data management processes in ways that improves AI’s 
ability to meaningfully contribute to the human-AI cooperation. In doing so, the 
paper illustrates how cooperative intelligence emerges dynamically through the 
co-evolution of human interpretation, organizational practices, and AI 
capabilities. 
 

4.3 Paper 3. Situated Potential of Intelligent Boundary Objects in 
Inter-Organizational Knowledge Work 

Authors: Elinor Särner, Susanne Ollila, & Anna Yström. 
Publication status: Under review in Technovation. 
Conferences: Presented at the CINet conference in Lucerne, 6-7 September 2025. 
Authors contribution: I initiated the paper and was the principal author. I initiated and 
designed the study and took the main responsibility for the empirical work. The data analysis 
was done led by me in collaboration with the co-authors. I developed the theoretical framing 
that was further elaborated jointly with the co-authors. I was responsible for paper submission 
to conferences and journal submission, and the writing of the manuscript was a joint effort of 
me and the co-authors. 
 
 
This paper, based on the second case study, explores the interorganizational 
collaboration between energy companies and AI providers as they work to 
integrate AI into energy system planning. It extends Carlile’s (2002) typologies 
of knowledge boundaries and Carlile and Dionne’s (2025) dimensions of cross-
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boundary knowledge work by demonstrating how intelligent boundary objects 
help negotiate and reshape interorganizational knowledge boundaries in the 
development and implementation of AI-applications. 
 
Following Carlile and Dionne’s (2025) framework, the paper identifies four 
situated potentials of AI in inter-organizational collaboration. First, the 
potential of using AI for improving the complex system combined with the 
availability of extensive and often unused data, stimulate actors to explore the 
complementary knowledge of each other, and thus catalyze sensemaking across 
organizational boundaries. Second, the growing need to navigate an increasingly 
volatile environment motivates organizations to reevaluate established 
practices to make use of AI’s ability to combine heterogenous data sources that 
can better encompass future changes. Third, AI’s capability to integrate data 
and information from internal as well as external data sources contribute to 
more detailed representations of the system and its environment, thereby 
revealing potential effects of future changes that would otherwise be difficult to 
discern. Fourth, AI-enabled simulations of possible future scenarios allow 
actors to engage in scenario experimentation, thereby expanding organizational 
understanding of possible futures. 
 
Building on these findings, the paper introduces a conceptualization of 
intelligent boundary objects as ”AI-enabled artifacts that actively mediate 
cross-boundary interaction by generating and adapting situated shared 
representations of complex phenomena”. This captures the boundary objects’ 
active mediation in supporting shared understandings and assembly of 
distributed knowledge, going beyond coordination to facilitate deeper 
interpretive work across boundaries. As intelligent boundary objects take on 
cognitive tasks formerly performed by humans, their purpose becomes dual: 
they coordinate collaboration among diverse actors while enabling early 
enactment and iterative reframing of planning practices. 
 
Furthermore, the paper positions AI as a medium, rather than merely as a tool 
or autonomous actor, whose mediated visibility directs attention to 
interdependencies and uncertainties in long-term-planning. This perspective 
indicates how AI reconfigures cross-boundary knowledge work. The paper also 
highlights how intelligent boundary objects reshape both content and structure 
of cross-boundary knowledge exchange, by linking previously disconnected data 
sources and modelling approaches thus making underdeveloped boundaries 
visible and reconfigurable. 
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Contribution to thesis 

The paper contributes to this thesis by showing how knowledge exchange across 
organizational boundaries is shaped by the integration of AI. By demonstrating 
how intelligent boundary objects influence the dimensions of cross-boundary 
collaboration proposed by Carlile and Dionne’s (2025), the findings provide 
insights into how cross-boundary collaborations can evolve and deepen in AI-
integration contexts. Because cross-boundary collaboration is inherent in AI-
integration, the paper contributes by characterizing how such collaboration 
unfolds and by explicating activities related to each dimension of knowledge 
work during AI-integration. Together these findings highlight the dual nature of 
intelligent boundary objects: they enable early enactment of new planning 
approaches, while supporting the iterative reframing of planning practices as 
AI-integration evolves, thereby generating system-level insights grounded in the 
contribution from diverse actor groups. 
 
Moreover, that paper contributes to the thesis by highlighting how intelligent 
boundary objects clarify and reconfigure underdeveloped boundaries. By 
integrating previously disconnected data sources and modelling approaches, 
these objects do more than merely bridge existing boundaries, they actively 
mediate how boundaries are defined, by revealing layered effects across 
domains that were previously inaccessible to human sensemaking processes in 
those contexts. AI’s ability to enable mechanisms for knowledge exchange, 
mechanisms that would be difficult, or in some cases impossible, for humans 
alone, also reshape tasks and roles within the collaboration, which impacts the 
socio-technical dependencies in the complex system. In this way, the paper 
contributes by advancing the understanding of how intelligent boundary objects 
support prospective sensemaking in complex systems, enabling organizations to 
experiment with scenarios, explore possible futures, and build collective 
anticipatory capacities across organizational and domain boundaries. 
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4.4 Paper 4. Data Management for AI-supported Sensemaking: 
Understanding Future Energy Systems 

Authors: Elinor Särner & Anna Yström. 
Publication status: To be submitted to Information Technology and People. 
Conferences: Presented at the ISPIM conference in Bergen, 16-18 June 2025. 
Authors contribution: I initiated the paper and was the principal author. I initiated and 
designed the study and took the main responsibility for the empirical work. The data analysis 
was led by me in collaboration with the co-author. I developed the theoretical framing that was 
further elaborated jointly with the co-author. I was responsible for paper submission to 
conferences and journal submission, and the writing of the manuscript was mainly my effort 
supported by the co-author. 
 
 
Based on the second case study, this paper explores the role of data in utilizing 
AI for sensemaking of complex systems. It discusses how data management 
aspects shape sensemaking of the future energy system. The paper identifies six 
aspects of data management, grouped in two aggregate dimensions. Relating 
these aggregate dimensions to the sensemaking activities in Weick et al.’s (2005) 
model of organizing of ecological change-enactment-selection-retention, reveals 
a data-driven sensemaking loop and its relation to the general sensemaking 
process. 
 
The paper underscores the critical role of data management in leveraging AI to 
increase our understanding of future complex systems. The two aggregate 
dimensions explicate two sides of data management that influence the 
sensemaking of the phenomena they represent. The first dimension, enabling 
data usage for AI-applications, captures practices related to extracting data 
from legacy systems, making data available, and preparing data for use in AI-
applications to ensure reliable and accessible datasets. The second dimension, 
enhancing information extraction from data, concerns practices that expand 
the interpretive possibilities of available data, including identifying suitable data 
sources, understanding used data, and combining diverse data sources to be 
used in AI-applications for visualization and scenario exploration. This enables 
digital enactment through which future scenarios and the impact of changes can 
be explored, supported by historical data. Data sources, data management, 
visualization, and digital enactment form a data driven sensemaking process 
that informs Weick et al.’s (2005) classical organizing process of sensemaking, 
revealing cues not previously available for sensemaking. 
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The paper discusses how this data-driven sensemaking loop influences 
uncertainty and ambiguity of the overall sensemaking of complex systems and 
how structuring and visualizing data using AI-applications entail increased 
information extraction from available data. AI-applications allow for 
combination of datasets in ways that were not possible to do manually, including 
new, external datasets that represent social behaviors. This can reduce 
uncertainty by enriching the understanding of the complex system and its 
environment through the extraction and integration of additional information. 
AI-applications’ ability to relate data and information to its context and allow 
for elaboration of the impact of potential changes through digital enactment, can 
decrease the ambiguity.  
 
The paper highlights how the data available for AI-development and analysis is 
influenced by technical constrains of what is possible to measure and human 
considerations of which data best represent a phenomenon. The paper shows 
how motivation for AI-development originates from both the availability of data 
and human actors’ recognition of aspects or problems that could benefit from 
AI. It also emphasizes the need for deep domain knowledge to know how to 
extract and combine data.  
 
Moreover, the paper highlights the paradox of exploring probable and possible 
future scenarios using historical data. While historical data can expand scenario 
exploration by enabling the integration and combination of diverse datasets 
through AI-applications, and thereby supporting future imagination and 
exploration, they remain bound to the conditions under which they were 
collected and may therefore constrain future exploration by embedding 
structures that may not hold in future settings. The paper illustrates humans’ 
crucial role in navigating this tension to use AI for making sense of future 
complex systems. 
 

Contribution to thesis 

This paper contributes by highlighting aspects of data management which are 
important for how the human-AI cooperation shape prospective sensemaking 
in complex system planning. 
 
The findings also contribute to the thesis by illustrating how data management 
help manage uncertainties and ambiguities in the process of making sense of 
future complex systems thus informing the understanding of prospective 
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sensemaking in complex system planning. It highlights that the use of AI-
applications in the planning process gives more authority to plans by reinforcing 
and visualizing ties to historical data of complex systems. In addition, the paper 
informs the understanding of how deep domain knowledge is necessary 
throughout the processes from extracting data, combining them, and assessing 
the quality of AI-generated outcomes to develop AI-tools that inform complex 
system planning. Human actors therefore remain essential in the AI-
integration, highlighting the integral role of data management f0r the 
sensemaking process in complex system planning. It also highlights how the 
energy company’s lack of control of external data drives the need for additional 
validation of AI-generated outcomes and close engagement in collaboration 
across organizational boundaries. 
 
Moreover, the paper contributes by highlighting how digital enactment, 
supported by visualizations, helps mediate the limitations of trial and error 
methods in the development of complex systems. By connecting data-
management practices to Weick et al.’s (2005) model of organizing sensemaking 
it explicates how AI can support prospective sensemaking in complex system 
planning as well as how it can limit and distort its outcomes if not considered 
consciously. 
 
By highlighting the paradox of using AI-tools based on historical data for 
prospective sensemaking, the paper contributes with how organizational 
adaptations can mediate the tension through digital enactment, close 
collaboration with AI-providers, and careful validation of AI-generated outputs, 
comparing them with alternative forecasts and prediction and evaluating them 
against the accumulated knowledge within energy companies. This further 
highlights the importance of humans’ conscious involvement in data 
management and points to the need for broader organizational adaptations, 
including changes to data practices, competencies, and collaborative 
arrangements.  
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5 Discussion 
This thesis elaborates the emerging phenomenon of humans’ and AI’s joint 
process to make sense of potential futures in complex system planning. It aims 
to address gaps identified in the current literature and to provide insights into 
critical aspects of this collaborative process. Developing a holistic 
understanding of AI-integration in complex systems is essential for our 
understanding of why organizations still struggle to realize the benefits from AI 
(Ångström et al., 2023). While many challenges are well-documented, this 
thesis explores how various aspects of AI-integration shape prospective 
sensemaking. The socio-technical perspective offers a more comprehensive 
understanding of these aspects in the context of complex system planning. The 
following discussion, outlining the contribution of this thesis, is guided by the 
two research questions posed initially. All the appended papers contribute with 
diverse aspects relevant to answer each research question.  
 
In this chapter, to address the first question, How does the integration of AI 
reconfigure collaboration across boundaries in complex system planning?, I 
draw upon all of my papers to expand on cross-boundary collaboration relating 
it to the type of knowledge work and the sensemaking engagement observed. 
Cross-boundary work which is recognizably difficult, has a prominent role in the 
integration of AI in complex system planning, motivating further elaboration to 
enhance the understanding of these processes. I continue to expand on 
boundary objects and their role in cross-boundary collaboration. As related 
research has shown, boundary objects can play a critical role in cross-boundary 
collaboration, and the elaboration of intelligent boundary objects is a key 
contribution of this thesis. Lastly, I discuss humans’ and AI’s role in the joint 
effort of complex system planning and how AI-integration can reshape work 
processes across organizational boundaries. 
 
To answer the second question, How do temporal considerations relate to 
cross-boundary sensemaking in AI enhanced complex system planning?, I 
draw upon the findings in all four of my papers to unpack temporalities of AI-
integration in complex system planning which shed light on challenges related 
to cross-boundary sensemaking. I proceed to further expand on the oscillations 
of temporal horizons of the actors involved in cross-boundary knowledge work 
as a process of path enactment. 
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I conclude the discussion by returning to the overall aim of elaborating how 
humans and AI jointly make sense of potential futures in complex system 
planning and reflect on the key concepts in the theoretical synthesis outlining 
how prospective sensemaking processes and the socio-technical systems are 
shaped by AI-integration in complex system planning. 
 

5.1 AI reconfigures collaboration across boundaries 
The findings combined from the papers demonstrate that AI-integration 
reshapes cross-boundary collaboration by altering both boundary objects’ role 
and work processes in knowledge exchange.  
 
5.1.1 Boundary work across system levels 

Analyzing the findings from Paper 1 using the three system levels associated 
with a socio-technical perspective shows that boundary objects must 
accommodate multiple system levels simultaneously to be effective. In practice, 
this means that artifacts used in cross-boundary work in AI-integration should 
support microlevel understanding, which is often favored by developers to 
explore technical issues. The same artifacts simultaneously need to remain 
meaningful at meso- and macrolevels for domain actors to reason about 
organizational implications, system interdependencies, trade-offs, and 
usefulness. This was demonstrated in Paper 1 where the mocks-ups of the AI-
tool were assigned with all functionalities that the tool would need without 
elaborating on the design of the mockup to support its intended use. The use of 
the AI-tool was up for discussion in parallel to the technical development of 
functionalities. Paper 1 identified the level of detail of boundary objects as a 
critical factor that influences their ability to support cross-boundary knowledge 
work in this context (Cai et al., 2021). Applying a system level perspective reveals 
that the two actor groups attempted to make sense of different system levels 
(Ropohl, 1999): AI developers focused on the microlevel and issues important 
in the AI-development, trying to understand concerns such as data availability 
and quality, while domain actors focused on the meso- and to some extent 
macro-level to understand the use and effect of AI in inter-organizational work 
processes. This informs our understanding of how to make boundary objects 
useful for all actors involved by trying to accommodate multiple system levels. 
It extends Star and Griesemer’s (1989) understanding that boundary objects 
need to be flexible to be useful for all parts interacting with it, by explicating 
system-levels as one dimension along which boundary objects need to be 
flexible. 
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Examining the knowledge work dimensions in Paper 3, using the sensemaking 
behaviors in inter-organizational collaboration presented in Paper 1 reveals that 
failing to align these system-levels can yield sensemaking behaviors across 
boundaries that delay or disrupt knowledge exchange. The sensemaking 
behaviors shape the effectiveness of knowledge exchange across boundaries, 
while simultaneously being shaped by the nature of that exchange (Carlile, 
2004). Seeking sensemaking across boundaries is an iterative process of 
exploration and establishing mechanisms for knowledge exchange. Seeking as 
an initiative to deepen the collaboration can be associated with each dimension 
of knowledge work across boundaries (exploring, complementing, mapping, and 
modeling) depending on the maturity of the collaboration (Dionne & Carlile, 
2025). Disengaging implies the opposite, a reluctance to engage in and deepen 
knowledge work across boundaries. Disengagement from cross-boundary 
knowledge exchange can be an indication of mismatch between the dimensions 
of knowledge work established on either side of the knowledge boundary. This 
is demonstrated in paper 1 when AI developers requested data from domain 
actors to use in the development thus engaging in mapping domain knowledge 
to their operations. They were seeking sensemaking to deepen the cross-
boundary collaboration, starting to map useful knowledge to their own. 
Meanwhile, domain actors did not understand how this data could be useful, 
resulting in disengagement from the sensemaking process. The domain actors 
were still exploring the knowledge on the opposite side of the cross-boundary 
collaboration engaging in establishing a common language. This clash in 
readiness to deepen the cross-boundary collaboration expands our 
understanding of the dynamics across knowledge boundaries in AI-integration, 
which can guide the management of knowledge exchange in machine learning 
development, a challenging endeavor for domain actors and other stakeholders 
(van Krimpen & van der Voort, 2025). 
 
5.1.2 Intelligent boundary objects 

The notion of intelligent boundary objects is further elaborated in Paper 3 i.e. 
AI-enhanced artifacts that not only transfer information across boundaries, but 
actively mediate information by transforming, layering, and translating 
information across boundaries. These facilitate processing of previously unused 
or under-utilized data into information interpretable to human actors, and thus 
expand how boundary work can be enhanced by AI (Carlile, 2004). Intelligent 
boundary objects reduce uncertainty by incorporating more factors into the 
information available for planning. Ambiguity is reduced by overlaying and 
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combining data and information, and by presenting it in a form amenable to 
sensemaking and thus unveiling their collective consequences and extending 
what can be known and acted upon in complex system planning (Weick et al., 
2005). Paper 3 also highlights how AI redefines knowledge boundaries by 
integrating previously unused data, and performing cognitive tasks that 
explicate vague knowledge boundaries. It enables mechanisms and processes for 
knowledge exchange that would be impossible for humans alone (Langley et al., 
2019). Paper 4 complements these findings by elaborating on AI’s ability to 
extract information from data and make it available for human sensemaking, 
thus reducing the uncertainties in the complex system planning, while 
simultaneously introducing new uncertainties (Lycett, 2013; Weick, 1995). 
These papers also highlight how layering already known data sources can assist 
in making sense of data that humans previously struggled to make sense of, 
including it only in a rough manner due to the cognitive complexity of the task. 
By relating the information to its context and presenting it in a format that is 
humanly possible to make sense of, AI can assist in reducing ambiguity (Szukits, 
2022; Weick et al., 2005). These examples illustrate how intelligent boundary 
objects can reduce uncertainty and ambiguity in complex system planning, 
thereby augmenting human sensemaking, while simultaneously introducing 
new uncertainties that organizations need to handle, for example through close 
collaboration and careful validation of AI-generated outputs. 
 
5.1.3 Human and AI’s complementary roles in complex system planning 

The complementary roles in humans’ and AI’s joint effort of cross-boundary 
knowledge work are expanded in Paper 3. It explores how AI-integration shapes 
the knowledge work as defined by Dionne and Carlile (2025), and how AI can 
function as intelligent boundary objects (Kot & Leszczyński, 2020; Lakemond et 
al., 2021) to inform sensemaking of the future. Humans predominantly support 
AI in exploring and complementing by providing relevant data and methods, 
instructing, and validating data accuracy. This is exemplified by the explanation 
from AI-companies of how hard it can be to find ‘the person’ that really knows 
the domain data, but how crucial this person is to set up data pipelines for the 
AI-tools. Paper 4 informs these findings by further exploring how selection of 
data is guided by human understanding of what is needed and technical 
constraints affecting what data are available. Actors at the energy company 
explained how time-consuming task of extracting data from legacy systems to 
use in the AI-tool were being automated. This demonstrates how important the 
human ability is in the cross-boundary knowledge work dimensions of exploring 
and complementing, to lay out the basis for the AI analysis. When this is in place, 
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AI can amplify mapping and modelling beyond what human capabilities could. 
Actors from the energy company further explained how AI could integrate 
heterogeneous datasets in ways that allowed for the identification of new 
insights which were important in the planning process. They contrasted AI’s 
ability to the excel sheets that they traditionally use which only support such 
overlaying of diverse influencing factors in a rudimentary way. Moreover, AI’s 
ability to run scenario analyses is beyond human cognitive abilities and thus 
augments the complex system planning capabilities (Kolbjørnsrud, 2024). By 
simulating the energy system, the energy company could identify areas in the 
system that would need swifter interventions than they had previously 
anticipated, while other interventions could be downgraded as the integration 
of multiple influencing factors in the simulations revealed less stress on these 
parts of the system than previously anticipated. This illustrates how AI informs 
the human sensemaking process. Examining humans’ and AI’s roles in relation 
to cross-boundary knowledge work enhances our understanding of how human 
intelligence and AI cooperatively contribute (Chowdhury et al., 2022) in the 
cross-boundary effort of AI-integration in complex system planning.  
 
Paper 4 discusses how limited data can be a challenge in some contexts, however 
in complex systems the opposite problem is also apparent. The overwhelming 
amounts of data necessitate prioritizing of data and resources. Most data are 
trapped in legacy systems and only a fraction can be exported, processed, and 
used together with other data sources. Humans face challenges of identifying 
relevant data and instruct AI to map diverse sources of data appropriately, 
setting the scope for the AI-application (Jones, 2019). This showcases how 
human sensemaking facilitates future AI-augmentation based on cues in the 
environment that can indicate potentially enriching areas of implementation 
(Weick, 1995). However, it also suggests how limitations in human cognition can 
delimit application areas if not noticed or considered important enough by 
humans (Maitlis & Christianson, 2014). While limitations to human cognition 
can delimit the applications areas for AI, human sensemaking is essential to 
identify those application areas, shape probable and desirable future scenarios, 
and validate AI generated outcomes. Paper 4 illustrates this recursive process of 
data management as a data-driven sensemaking loop through which 
organizations support sensemaking of the complex system. AI-applications are 
fundamentally dependent on data and they contribute to cooperative 
intelligence by integrating and analyzing data in ways that surpass human 
capabilities, transforming raw data into information that humans can process 
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into knowledge, which in turn informs ongoing data identification and 
management practices (Calvard, 2016; Szukits, 2022).  
 
These findings thus exemplify the joint efforts of humans and AI and how 
human sensemaking is essential for processing the output from AI tools, and 
thus facilitate effective cooperative intelligence (Lycett, 2013). Joint human-AI 
sensemaking enhances the organizational capability for planning complex 
system in ways neither AI nor humans could achieve independently, advancing 
the literature on how human and artificial intelligence together strengthen 
organizational capabilities (Kolbjørnsrud, 2024). The findings highlight that the 
division of labor is not static, it is dependent on how the human-AI cooperation 
matures, and it relies on human sensemaking to instruct, guide, and ultimately 
interpret AI outputs into actionable knowledge for planning. This demonstrates 
how human sensemaking is vital in all dimensions of cross-boundary knowledge 
work identified in Paper 3; to understand how to support, instruct, and guide AI 
in exploring and complementing cross-boundary knowledge work in order to 
inform the planning process, and to make sense of the AI-generated outcomes 
of mapping and modelling cross-boundary knowledge work into meaningful 
insights for planning complex systems (Lycett, 2013; Weiser & von Krogh, 
2023). 
 
5.1.4 Inter-organizational work process 

AI often prescribes new information needs and workflow adjustments across 
organizational units and boundaries. Paper 2 brings forth an example of AI-
developers requesting information about the number of floors and placement 
for the planned houses in order to model solar energy production, information 
that was not included in the urban development plans. This illustrates how AI-
development can generate new information requirements that necessitate 
adaptions in work processes across organizations to enable data provision. 
Paper 4 highlights how energy companies engage in preparatory adaptions of 
work processes to facilitate AI-based data integration and analysis. These efforts 
include plans to establish centralized data warehouses to facilitate future 
analysis and AI development based on data from diverse sources. Companies 
also described initiatives to automate data extraction for AI-tools and to 
aggregate such data for sharing with external AI-providers, removing personal 
and geographical attributes. These examples demonstrate that AI-integration 
reshapes workflows across organizational boundaries, underscoring the need 
for greater attention to how such changes contributes to the development of 
organizational capabilities over time (Kolbjørnsrud, 2024). More broadly, these 
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findings illustrate that AI-integration motivates initial adaption of work 
processes to better leverage future AI-developments. This in turn, highlights the 
importance of inter-organizational collaboration for strengthening human-AI 
cooperative intelligence and improving organizations’ planning capabilities 
(Chowdhury et al., 2022). Because many of these adaptations extend beyond the 
immediate unit integrating AI, realizing this potential of human-AI cooperation 
requires coordinated changes across organizational units and, in some cases, 
across multiple collaborating organizations. Failure to engage in such cross-
organizational adaptations, which can be exemplified by the disengaging 
sensemaking behavior in paper 2, may help explain why many organizations 
struggle to realize AI’s promised benefits despite ongoing technical progress 
(Ångström et al., 2023). It also emphasizes the importance of widening the 
attention to the social-technical system beyond the immediate organization (Yu 
et al., 2023). 
 

5.2 Temporal dynamics of human–AI cooperation 
To explore the second research question of how temporal considerations relate 
to cross-boundary sensemaking in AI enhanced complex system planning 
several different aspects of temporality can be relevant to inform sensemaking 
of AI-integration in complex system planning. Temporality can refer to the 
extended process of developing AI for implementation in planning, a process 
that unfolds over time and requires consideration of both historic decisions 
leading up to the present status and future needs and possibilities (Kaplan & 
Orlikowski, 2013). It can also refer to the necessity of extending AI-integration 
to include both the design and use of AI-applications (Bailey & Barley, 2020), or 
as discussed in paper 2, temporality may encompass actors’ varying future 
perspectives within AI-integration. This includes a near future perspective 
associated with AI-development, a distant future perspective linked to the 
application and use of AI in urban planning, and the interrelations between 
these temporal horizons which appear critical for the AI-integration (Rindova & 
Martins, 2022).  
 
In addition, AI’s reliance on historical data creates a paradox in which the future 
is explored using historical data. This paradox surfaced in both the empirical 
studies and is discussed in Paper 4. It raises the question of how future 
developments can be anticipated when rooted in historical data. This highlights 
how historical conditions not relevant for future conditions might be embedded 
in the data which can constrain human imagination (Jones, 2019). However, it 
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also supports human imagination by expanding the scenarios that can be 
explored with the use of AI. Humans complement AI’s historical dependencies 
by introducing hypotheses and design intentions into simulations and decision 
processes that connects historical data to future scenarios. Through digital 
enactment, iterative testing, crossdisciplinarity collaborations, and evaluation 
of AI-generated outcomes humans navigate this tension between historical data 
and future scenarios. In this way, AI renders the past and present more tangible 
and available for experimentation, while humans elaborate futures that account 
for change, values, and desired outcomes. 
 
5.2.1 Oscillating temporal focus 

Combining findings from Paper 2 and 3 explicates how cross-boundary 
collaboration is entwined with temporal considerations. Paper 3 explores Carlile 
and Dionne’s (2025) dimensions of cross-boundary knowledge work, 
highlighting how AI-integration involves different types of knowledge work 
across boundaries during the integration process. Relating these dimensions to 
the distinction between near- and distant-future sensemaking discussed in 
Paper 2, reveal how they correspond to oscillations between near- and distant-
future perspective (Rindova & Martins, 2022). In the early phases of 
collaboration, when actors explore each other’s knowledge, and the potential of 
an AI-tool or service, distant-future imagination tend to dominate. As the 
collaboration matures, the orientation is complemented by near-future 
sensemaking focused on practical considerations such as data availability, 
quality, and method constraints. During the initial use of the AI-tool, attention 
often focus on near-future concerns as actors collectively map the current 
system to understand loads, and constraints, and operational conditions. 
Subsequently, scenario modelling of the future resets the main focus on distant-
futures perspectives by enabling actors to explore alternative future system 
configurations. These oscillations between near and distant futures connect 
imagination and action which is essential for prospective sensemaking (Wright, 
2005), exemplify a process of path enactment in which present interventions 
are iteratively connected to envisioned futures (Feuls et al., 2025). Such 
oscillations help maintain alignment between ongoing actions and 
organizational and societal goals for the energy system, ensuring that the AI-
application contributes meaningfully to the system planning process. This 
shifting temporal focus characterizing AI-integration is illustrated in Figure 4. 
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Figure 4. Time-perspective in focus in dimensions of cross-boundary knowledge work 
(Source: the author) 

 
These oscillations can also be understood as shifts between viewing complexity 
as a process or a fixed state (Simon, 1962). They reflect the continual fluctuation 
between focusing on the process of AI-integration and focusing on the 
envisioned future state of the AI-application. Such shifts are central for path 
enactment as they connect present action to imagined futures through ongoing 
iteration between doing and imagining (Augustine et al., 2019; Feuls et al., 
2025). By connecting Simon’s (1962) different understandings of complexity to 
Feuls’ et al. (2025) model of path enactment, which iterates between 
imagination and action, and to the shifts between near- and distant-future 
orientations from Paper 2, this thesis advances the understanding of how these 
processes unfold in human-AI cooperation for complex systems planning. 
Moreover, connecting future distance to Carlile and Dionne’s (2025) 
dimensions of inter-organizational collaborations highlights the inherently 
collective nature of path enactment and thus informs the understanding of path 
enactment processes in such contexts. This representation of the path 
enactment process deepens the understanding of prospective sensemaking and 
future-making (Augustine et al., 2019; Gephart et al., 2010) by illustrating how 
oscillations in temporal perspectives and perceptions of complexity drive 
enactment and in turn the sensemaking process. 
 

5.3 Human-AI cooperation in complex system planning 
By examining the four key concepts of temporalities presented in the theoretical 
synthesis (chapter 2.3): cross-organizational collaboration, Human-AI 
cooperation, and uncertainties and ambiguities, this thesis adopts a holistic 
perspective that advances the understanding of joint human-AI sensemaking in 
the context of complex system planning. 
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The future is inherently uncertain and ambiguous and prospective sensemaking 
is fundamentally about navigating those uncertainties and ambiguities when 
imagining possible futures (Gephart et al., 2010; Weick, 1995). In complex 
systems uncertainty is further amplified by system complexity obscuring 
causalities and dependencies (Weick et al., 2005). In addition, AI-integration 
can increase the perceived uncertainty as its functionalities tend to be less 
transparent and explainable (Sagodi et al., 2023). However, this thesis shows 
that AI also contribute to managing uncertainties and ambiguities in complex 
system planning, as discussed in Paper 2 and 4. The inherent complexity in such 
system is inevitably simplified in AI-models intended to support understanding, 
introducing the risk of distortions that can be misleading (Klein et al., 2007; 
Sergeeva et al., 2026). Yet, structuring and simplifying is necessary for 
sensemaking in complex environments (Klein et al., 2007; Weick, 1995). 
Moreover, imagination and simulation are essential tools in the future-oriented 
task of complex system planning (Weick & Sutcliffe, 2015), and the use of AI to 
support system development where trial and error is infeasible, underscores the 
need for organizations to carefully consider how AI-integration shapes future-
oriented sensemaking processes. Leveraging human-AI cooperation in 
sensemaking process of uncertain and ambiguous futures in complex system 
planning involves several interrelated considerations, including:  

- careful attention to data management practices to ensure conscious 
choices in data selection and preparing to analyze the system, as discussed 
in Paper 4; 

- the inclusion of diverse future perspectives to broaden interpretive 
frames, illustrated in Paper 2; and  

- the involvement of heterogenous actors and stakeholders to surface 
varied cues and support coordinated action, as highlighted in Paper 1 and 
Paper 3.  

 
Together these findings strengthens the organizational ability to realize the 
potential benefits from human-AI cooperation in prospective sensemaking for 
complex system planning (Enholm et al., 2022; Ångström et al., 2023). 
 
AI-integration also reconfigures the socio-technical system by necessitating 
changes in organizational structures, roles, competencies, and routines to 
enable organizations to benefit from the cooperative intelligence afforded by AI 
(Chowdhury et al., 2022; Kolbjørnsrud, 2024). As shown in Paper 3, AI-
integration allows organizations to benefit from relevant external knowledge, 
thereby enhancing their planning capabilities. This process further transforms 
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the socio-technical system by materializing previously weak or latent 
connections to external domains (Yu et al., 2023). Moreover, AI’s active role as 
intelligent boundary objects increasingly transforms information across 
organizational boundaries (Caccamo et al., 2023; Carlile, 2004). These cognitive 
capabilities of AI blur the division between the social and technical subsystems 
by distributing cognitive tasks to both human actors and technical systems. 
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6 Conclusions 
This thesis set out to elaborate how humans and AI jointly make sense of 
potential futures in complex system planning. Guided by the two research 
questions How does the integration of AI reconfigure collaboration across 
boundaries? and How do temporal considerations relate to cross-boundary 
sensemaking in AI enhanced complex system planning?, the thesis advances 
innovation management literature by elaborating how AI-integration 
reconfigures organizational processes related to future-oriented uncertain and 
interdependent system planning. From the empirical studies included in the 
thesis, the findings demonstrate that AI-integration is not merely a technical 
endeavor, but a process that reshapes collaboration, alters temporal dynamics, 
and redefines the structure and content of knowledge work in complex system 
planning. The identified theoretical contributions of this thesis also entail 
practical implications and the thesis concludes by outlining possible future 
research paths to further advance the field. 
 

6.1 Theoretical contributions 
The thesis presents several interrelated theoretical contributions. First, it 
highlights four contributions related to AI’s role in the collaboration across 
boundaries. Second, contributions relating to the temporal dynamics of human-
AI cooperation are presented, and lastly holistic consequences of human-AI 
cooperation on complex system planning are put forward. 
 
6.1.1 AI reconfigures collaboration across boundaries 

First, the thesis shows that AI-integration transforms cross-boundary 
collaboration by altering both the artifacts and processes through which 
knowledge is exchanged. A key insight concerns the need for boundary objects 
to accommodate multiple system levels simultaneously. AI developers tend to 
focus on micro-level technical details, whereas domain experts work at meso- 
and macro-level where interdependencies, trade-offs, and long-term 
consequences are negotiated. When boundary objects fail to align these levels 
collaboration falters, resulting in disengagement and stalled sensemaking. This 
finding extends prior understandings of boundary objects by highlighting 
system-level flexibility as a crucial dimension of their effectiveness. 
 
Second, this thesis also develops the concept of intelligent boundary objects. 
Unlike traditional boundary objects that primarily transfer information, 
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intelligent boundary objects actively mediate knowledge exchange by 
transforming, layering, and translating heterogeneous data and information 
into representations that can be interpreted by human actors. They reduce 
uncertainty by broadening the information base for planning, and they reduce 
ambiguity by layering information and presenting the assembled result in forms 
amenable to sensemaking. Because they integrate previously unused or 
disconnected data sources, intelligent boundary objects also reconfigure 
knowledge boundaries and reveal underdeveloped areas of knowledge that 
become actionable through AI. 
 
Third, the thesis demonstrates the complementarity of roles of humans and AI 
in cross-boundary knowledge work. While humans support AI predominantly 
by providing relevant data and methods and instructing and validating data 
accuracy in the exploring and complementing dimensions of boundary work, AI 
amplifies mapping and modelling by integrating diverse datasets, and 
simulating system behavior in ways that exceed human cognitive capabilities. 
This dynamic division of labor evolves as the human-AI cooperation matures, 
underscoring that human sensemaking remains essential, not only to guide AI 
and define relevant data but to interpret AI outputs and embed them in 
organizational planning processes. 
 
Finally, the thesis shows that AI often prescribes new information needs and 
workflow adjustments that extend beyond the immediate unit integrating AI. 
Realizing the benefits of AI therefore requires coordinated changes across units 
and organizations. The inter-organizational nature of planning complex systems 
means that AI-integration reshapes not only internal process, but also, roles, 
responsibilities, and collaborative practices across organizational boundaries.  
 
6.1.2 Temporal dynamics of human–AI cooperation 

The thesis also clarifies how AI-integration is intertwined with temporal 
considerations. Human-AI cooperation unfolds through oscillations between 
near-future and distant-future sensemaking. During early phases of AI-
integration distant-future imagination drives exploration of possibilities, while 
complemented by understanding near-future challenges related to data 
availability, quality, and method constraints. Implementation work narrows the 
temporal focus to near-future constraints of current system mapping, while 
scenario modeling widens the horizon to distant futures.  
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These oscillations connect imagination and action, linking present 
interventions with envisioned futures. This sheds light on path enactment in 
which organizations iteratively align long-term goals with short-term 
constraints and capabilities. AI plays a dual temporal role: it grounds 
sensemaking in historical and contemporary data, while human imagination 
extends these analytical foundations toward futures not reflected in past data. 
This interplay underscores that AI cannot replace human anticipation in 
situations where emerging or disruptive changes fall outside historical patterns. 
 
The thesis therefore contributes with a temporal dimension of research on cross-
boundary collaboration that demonstrates different forms of knowledge work 
that draws on, and reinforces, different future horizons. Recognizing and 
managing these shifting temporal foci is essential for organizations seeking to 
integrate AI into complex system planning.  
 
6.1.3 Organizational implications of human-AI cooperation 

This thesis offers insights into how AI-integration reshapes the characteristics 
of complex system planning. A holistic approach is necessary for AI-integration 
to support prospective sensemaking processes, navigate the uncertainty and 
ambiguity inherent in possible futures, and strengthen organizational 
capabilities to make sense of multiple future scenarios. Such an approach entails 
careful attention to data management practices, considerations of temporal 
dynamics and inclusion of diverse future perspectives, and awareness of 
complementary role division in human-AI-cooperation. It also requires 
involvement of heterogenous actors and stakeholders to surface varied cues and 
support coordinated action across organizational boundaries. 
 
AI-integration also impacts the socio-technical system by inducing changes to 
organizational structures and processes, roles, and competences. AI’s cognitive 
abilities reshape boundaries within the socio-technical system and blurs the 
distinction between social and technical subsystems.  
 

6.2 Practical implications 
For practitioners engaged in complex system planning, in particular energy and 
urban planning, the thesis suggests conscious design of boundary objects to 
comply with multi-level use. Management should remain attentive to the 
sensemaking behaviors of collaborating actors and support collective 
sensemaking when signs of disengaging behaviors emerge. To support such 
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collective sensemaking, management should ensure that artifacts and interfaces 
are simultaneously meaningful at micro-, meso-, and macro levels to sustain 
engagement across actor groups. This implies elaborating the level of detail of 
the boundary object to support both a high level of details requested by the AI 
development and an abstracted level to support sense-making of system level 
implications.  
 
Moreover, managers are advised to stage collaboration around role 
complementarities between humans and AI by explicitly organizing phases of 
human-led exploring and complementing to facilitate AI useful contribution in 
mapping and modelling. The AI-integration process needs to include clear 
handoffs and feedback loops to ensure the usefulness of AI generated outcomes. 
Deliberate management of temporal oscillations can support the design of work 
processes alternating between distant-future imagination and near-future 
action. Such processes may include iterations of selection of data, assessment of 
data readiness, prototyping, and scenario experimentation. By conscious 
management of such temporal shifts, organizations may maintain momentum 
and alignment with organizational goals and strengthen prospective 
sensemaking in complex system planning. 
 
Furthermore, investment in data stewardship as a cross-boundary function is 
important to increase the organizational capability to integrate AI 
constructively. Data management should have the status as a core capacity 
within complex systems, and organizational processes need to be adjusted to the 
new information needs prescribed by AI and not just treated as a technical task. 
Structures for identifying data sources, assure quality and access, and ethical 
use across units and partners need to be established for efficient and conscious 
data management across the organization. 
 

6.3 Limitations and avenues for future research 
The conclusions are grounded in empirical cases of AI-integration in complex 
system planning contexts. While this context is analytically rich and can provide 
valuable insights, limitations to the research design must be acknowledged, 
which also provide possibilities for future research. 
 
First, the energy companies included in the empirical studies in this thesis are 
publicly owned, and the Swedish energy sector provides specific conditions of 
natural monopoly that might influence the outcome of the study. This motivates 
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examination of planning processes in other complex systems and of other types 
of AI-applications. 
 
Second, the empirical studies included in this thesis did not cover the entire AI-
integration process. For the early phases it relied on retrospective accounts of 
the participants which limits credibility of the findings from this phase. 
Moreover, the AI-integration in complex system planning is an emerging 
phenomenon and the operational use of the AI-application is still evolving. This 
motivates more longitudinal studies that follow entire lifecycles from ideation 
to sustained operations, including a longer operational phase to uncover how 
the prospective sensemaking process is iteratively shaped when human-AI 
cooperation becomes an integral part of planning. More longitudinal studies 
may also reveal additional organizational implications of the AI-integration that 
might not be evident before extensive use of the AI-application in the complex 
system planning. 
 
Moreover, several findings in this thesis points to the need for more extensive 
future research. The thesis shows that AI-integration often imply new or 
intensified work processes across organizational boundaries, motivating further 
exploration of inter-organizational collaboration in AI-integration to 
understand the challenges organizations face in realizing the anticipated 
benefits of AI. The thesis further identifies system levels as a critical dimension 
along which boundary objects need to be flexible to efficiently support AI-
integration. Further research into the flexibility of boundary objects could reveal 
additional dimensions along which flexibility is required, thereby enhancing the 
understanding of how boundary objects can be designed to better support cross-
organizational knowledge work in complex system contexts. 
 

6.4 Closing statement 
Overall, the thesis shows that making sense of potential futures in complex 
system planning is neither a human nor an AI endeavor alone. It is a 
collaborative, temporally oscillating, and socio-technically embedded process. 
By clarifying how AI reconfigures cross-boundary collaboration, how temporal 
dynamics connect imagination and action, and how organizational 
arrangements need to evolve, the thesis contributes conceptually and actionably 
to understanding the integration of AI aimed at enhancing prospective 
sensemaking and strengthening organizational planning capabilities.  
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