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Glossary & Abbreviations 

 

 

Term Definition Used in this Study 

AI (Artificial Intelligence) The application of computer systems able to perform tasks or produce output 
normally requiring human intelligence, including machine learning (ML) (EU 
AI Act, 2024). 

AI agent An autonomous system capable of acting and making decisions on behalf of a 
user or another system without human intervention, capable of pursuing 
complex goals without constant human intervention, in other words, an agentic 
AI (Franklin & Graesser, 1997, cited in Humberd & Latham, 2025; (Shavit et 
al., 2023). 

Agentic AI A system capable of making decisions autonomously of any human input 
(Bommarito et al., 2025). 

Black Box A system that can be viewed in terms of its inputs and outputs (or transfer 
characteristics), without any knowledge of its internal workings (Burrell, 2016). 

Black Swan Event An extremely negative event or occurrence that is impossibly difficult to predict 
(Taleb, 2007). 

BRP (Balancing 
Responsible Partner) 

A market actor designated by the TSO with contractual obligations to maintain 
portfolio balance (Svenska Kraftnät, 2024b). 

Corrigibility The degree to which an AI system cooperates with corrective intervention, 
accepts shutdown, and remains under human control (Soares et al., 2015). 

Explainable AI The ability of AI systems to provide clear and understandable explanations for 
their actions and decisions (DARPA, 2016). 

Misalignment A situation where an AI agent optimizes a reward function that diverges from 
the actual interests of the humans affected by its behavior (Hadfield-Menell & 
Hadfield, 2019). 

REMIT Regulation on Wholesale Energy Market Integrity and Transparency (REMIT 
II, 2024). 

Svenska Kraftnät  A Transmission System Operator (TSO) and responsible for ensuring that 
Sweden has a safe, environmentally sound and cost-effective transmission 
system for electricity (Energimarknadsinspektionen, 2025; Svenska Kraftnät, 
2024a). 

Societal Interest The collective public stake in stable and equitable access to electricity as critical 
infrastructure, encompassing dependencies in healthcare, security, and 
economic activity. 

Trust A combination of perceived ability of the AI agent, agent interpretability, and 
perceived alignment (Lubars & Tan, 2019). 



1. Introduction 
In this section we introduce the general topic we aim to investigate, and problematize it. We also provide the 
research scope and subsequent contribution, as well as a disposition of the research paper. 

1.1. Background & Problematization 

The net enterprise value of the modern general- and specific purpose AI technology is yet to be seen, but 
regardless of what the future will hold, we can already observe experimentation with this technology across 
several types of industries - from traditional white-collar business functions such as Finance, Accounting 
and Sales - to software development and healthcare (McKinsey, 2023). The common denominator in these 
instances is that the technology steps in to automate repetitive monotonous processes with predictable 
patterns (McKinsey, 2023). However, other markets are considered rather conservative in experimentation, 
such as energy. Thus, AI adoption has progressed furthest in functions where potential failures remain 
contained within the responsible team, affecting only the firm's bottom-line (Yap et al., 2025). 

This poses a pertinent question: Is there some underlying belief, or perception, that this type of technology 
still cannot with sufficient accuracy solve the problems we are deploying them to undertake? Is there a 
mismatch, and/or lack of trust between the deployer of the system and the system itself? When the 
decision-making system was of a mere rules-based algorithmic character, the causal mechanisms of the 
decision-making process were quite easily deconstructed by the user. However, with modern deep-learning 
systems based on reinforcement learning, the causal mechanisms can also become unintelligible for even the 
very people who designed and trained the system (Borch, 2022).  

A growing body of literature on agentic trading systems has been observed. This has mainly focused on 
traditional financial markets, such as stocks, bonds, options and futures (Dowding & Taylor, 2024; Borch, 
2022). By agentic system, we define it as a system capable of making decisions autonomously of any human 
input (Bommarito et al., 2025). However, there is also a nascent body of literature that takes the specific 
focus of implementation of generative agentic AI technology in the electricity industry - both in the trading 
of the resource to the production and distribution of it (e.g., Özdemir & Unland, 2023; Hanny et al., 2022; 
Lopes, 2018a). Therefore, a study into the risk and opportunity perceptions of delegating decision-making 
to agentic AI in the context of the electricity industry is warranted.  

When delegating decision-making to an autonomous agentic system to act and make decisions on one’s 
behalf, it can be argued to be a case of the Principal-Agent relationship (Kiesling et al., 2026; Kim, 2020). 
The underlying theory for this situation, agency theory, posits that there often is a mismatch in desires from 
the delegator (principal) and the delegatee (agent) (Jensen & Meckling, 1976). This may lead the latter to act 
in ways that are contrary to the scope set forth by the former, or even in ways that are detrimental to the 
principal (Jensen & Meckling, 1976).  

Given the aforementioned nascency in the literature on the application of agentic AI in the electricity 
industry, we argue that there is a research gap in studying how the energy producers, traders, and 
distributors view the delegation of decision-making to AI in handling various processes related to the 
production, distribution, and trade of electricity. This is especially important in a societal context, since the 
modern society of the twenty-first century cannot reasonably function without it. The uniqueness of 
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electricity as a resource makes this empirical scope particularly compelling: electricity cannot be stored at 
scale, and demand must always aim to equal supply (Svenska Kraftnät, 2025a). Against this, we aim to study 
the principal-agent relationship between electricity firms and agentic AI systems in the Swedish electricity 
trading ecosystem. 

1.2. The Swedish Electricity System & Market 

   
Figure 1: Overview of the Swedish Electricity Market (translated version from Svenska Kraftnät)  

In order to properly understand the intricacies and specificity of delegating decision-making to agentic AI in 
the electricity industry, a short introduction to the electricity system and its related financial and 
distribution market is necessary. An electricity system and its associated markets are complex phenomena. As 
mentioned, electricity is a unique resource in the sense that it must be consumed and produced 
simultaneously (Löfstedt, 2025). In other words, there are no efficient ways of harboring electricity at scale 
as opposed to, for instance, oil. This makes the mechanisms needed for an efficient market unique 
(Cramton, 2017). The ecosystem consists of several actors, each managing subsets of the complex value 
chain that takes electricity from the turbine to the outlet, such as producers, distributors, grid operators, 
traders, auxiliary service providers, and manufacturers (Energimarknadsinspektionen, 2025).  

In 1996, the Swedish government deregulated the electricity industry, effectively allowing for a market-based 
solution to be formed in its associated trade (Energimarknadsinspektionen, 2025). However, the 
distribution was separated from the trade of the asset in itself, owing to the immense capital requirements 
necessitated to fund the building, maintenance, and expansion of the electricity grid 
(Energimarknadsinspektionen, 2025). The grid is split into three parts: the transmission grid, regional grids, 
and local grids. The first is managed by the government authority Svenska kraftnät, while the latter two are 
run as geographically based monopolies by private companies, which often also engage in the trading 
function (Energimarknadsinspektionen, 2025; Svenska Kraftnät, 2024a). Svenska kraftnät’s primary 
responsibility is to maintain the frequency in the grid, which by proxy means maintaining a balance between 
production and consumption of electricity. To aid in this process, there are auxiliary markets, referred to as 
Balancing markets, where actors can bid in to either not use electricity, or to discharge electricity to grid, 
depending on whether there is a surplus or shortage in the powerlines. The only customer in this market is 
the government authority Svenska kraftnät, while the sellers are private companies and individuals (Svenska 
Kraftnät, 2025a).  
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Svenska Kraftnät is a Transmission System Operator (TSO), and they can designate companies as Balancing 
Responsible Partner (BRPs), assigning them contractual obligations to maintain portfolio balance and 
thereby enrolling them as proxies for systemic grid stability. It is worth noting that this distinction applies 
primarily to physical electricity trading, where market participants must either hold BRP status or operate 
under an agreement with a designated BRP, a requirement that does not extend to the financial electricity 
market (Svenska Kraftnät, 2024b). 

Since the deregulation and separation of the electricity market 30 years ago, Sweden has gradually connected 
its grid to the remaining Nordic countries, and subsequently to continental Europe. This has led to a 
common market environment, where electricity is traded at the marginal price of the most expensive energy 
type at any given moment (Energimyndigheten, 2026). This price then becomes the so-called spot price on 
the market, which is valid per energy area and per hour or quarter (Energimarknadsinspektionen, 2025).  

The producers bid electricity to Nord Pool, the common Nordic electricity market, where energy trading 
companies purchase it. They in turn sell it to B2C and B2B end-consumers. In addition to the market for 
physical electricity, there exists the financial electricity market, which is a price hedging market with long 
bilateral contracts with a duration of up to 25 years (Energimarknadsinspektionen, 2025). The financial 
electricity market acts as a price insurance policy that lets companies trade actual electricity without 
worrying about sudden or extreme price spikes. In parallel to the trade and price protection of physical 
electricity, there is the market for electricity distribution, which as previously mentioned is run as local 
monopolies as they are geographically bound (Energimarknadsinspektionen, 2025). In effect, this entails 
two contracts for the end-customer; one for electricity consumption which is volume-based, and one for the 
distribution which is fixed in cost (Energimyndigheten, 2026). Since electricity must be consumed as it is 
produced, the market positions taken are mere forecasts - meaning, there may always be a difference between 
actual electricity produced and actual electricity consumed. Either users consume less, or it may be windier 
than anticipated, leading to larger output of electricity than forecasted or vice versa. Therefore, the flexibility 
markets exist as a financial solution to incentivize actors in assisting the grid being stable at an alternating 
current-frequency of 50Hz (Svenska Kraftnät, 2025b).  

This background is critical for understanding the intricacies of the specific research context chosen for this 
study; namely the electricity industry and market. 

Figure 2: Overview of the Swedish Electricity Markets (translated version from Svenska Kraftnät) 
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1.3. Research Aim & Contribution 

This study sets out to determine whether, and how, classical agency theory’s mechanisms - namely incentive 
alignment and monitoring - hold when the agent is constituted by an agentic AI, operating in a critical 
infrastructure market, using the Swedish electricity trading industry as empirics. Its contributions are 
therefore twofold: First, it contributes empirically to the literature on the principal-agent relationship by 
examining how actors in the Swedish electricity trading industry perceive the prospect of delegating 
decision-making to agentic AI systems. Prior research on agentic AI in trading contexts has focused 
primarily on conventional markets, such as the financial securities market (see e.g. Borch, 2022). To the best 
of our knowledge, little research has examined this dynamic in critical infrastructure markets such as 
electricity, where the unique characteristics outlined in section 1.2 make the principal-agent relationship 
particularly consequential. Second, the study contributes theoretically to agency theory literature, pioneered 
by Jensen and Meckling (1976) and Eisenhardt (1989), by extending the framework to AI agents in critical 
infrastructure markets. We do so through three analytical refinements: (i) a two-level principal structure that 
formalizes societal interest as a second principal alongside the deploying firm, (ii) an operationalization of 
trust as a precondition for delegation, and (iii) the introduction of corrigibility as a structural prerequisite 
for governance that conventional monitoring and incentive mechanisms cannot substitute for. 

1.3.1. Research Question 

Against this background, we formulated the following research question to guide the investigation: 

How do actors in the Swedish electricity trading industry perceive the prospect of delegating decision-making to 
agentic AI systems, and what does this imply for the principal-agent relationship? 

 

1.4. Research Scope 

The scope of this study is manifold. First, it has a geographic scope, being contained to the Swedish 
Electricity Market. Second, it has an application scope: the study examines agentic AI systems primarily in 
the financial and physical trading markets of electricity, and the auxiliary flexibility markets. It does not 
examine the use cases for agentic AI in, for example, energy production optimization nor distribution. The 
reason for this limitation is the time constraint of conducting this master's thesis. Third, it has a temporal 
scope: given the nascent state of fully agentic AI deployment, the study captures both current practices with 
adjacent technologies and respondents' anticipated trajectories toward agentic systems. 

The study will examine how autonomous agentic AI systems can be used in decision-making across 
electricity trading markets, from the financial to the balancing markets. It will further explore what risks and 
opportunities market actors perceive with these systems applied in the aforementioned context. However, it 
will not explicitly examine other application areas within the electricity ecosystem, such as grid and 
production optimization (International Energy Agency, 2025). Nevertheless, we include secondary findings 
on these topics where they were deemed relevant for the applicability of agency theory on agentic AI usage 
within the electricity ecosystem. 
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1.5. Disposition 

The remaining structure of this paper begins with an examination of past research focusing on (1) agency 
theory (Eisenhardt, 1989; Jensen & Meckling, 1976) and its extension to AI agents; (2) trust and corrigibility 
as conditions for principal-AI agent relationships; and (3) AI adoption in electricity trading. The literature 
review then synthesizes these insights and showcases the research gap, after which we present our theoretical 
framework, including a two-level principal-agent structure. A presentation of the methodology follows, and 
thereafter, we present our findings and their subsequent analysis. Finally, we make concluding remarks and 
suggestions for a future research agenda. 
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2. Theory & Literature Review 
This section reviews the relevant literature (2.1), structured around three areas: the extension of agency 
theory to AI agents and the limitations this exposes in classical governance mechanisms; trust and 
corrigibility as conditions for principal-AI agent relationships; and AI adoption in electricity trading. This is 
followed by a synthesis identifying the research gaps addressed (2.2), after which we deploy our theoretical 
framework and conceptual model (2.3). 

2.1. Literature Review  

2.1.1. Agency Theory Extended to AI Agents 

Agency Theory, as formalized by Jensen and Meckling (1976), emerged from the separation of ownership 
and control in the modern corporation, a phenomenon that AI now extends to the separation of 
decision-making from human judgment itself. This shift underscores the demanding role of companies in 
critical sectors deploying AI agents, as well as regulatory bodies, to establish appropriate governance.  
Indecipherable black boxes create inherent opacity that, as Burrell (2016) demonstrates, resists human 
interpretation, generating information asymmetry between principals and AI agents (Kiesling et al., 2026) 
and forcing delegating parties to create monitoring and incentivizing measures to align AI agents with both 
the values of the employer and the broader societal interest. The theory's founding authors built it assuming 
human counterparties (Jensen & Meckling, 1976), but following the evolution of AI, the conflict between 
an AI agent and a firm requires a reconsideration of agency mechanisms if principal-agent alignment is to be 
achieved (Humberd & Latham, 2025). Indeed, even the allocation of decision authority between human 
and AI agents is non-trivial, as principals may limit AI reliability or retain human decision authority to 
preserve the human agent's effort, even when AI alignment is superior (Athey et al., 2020). 

Present agency theory literature remains divided on whether AI can genuinely be considered an agent in the 
principal-agent relationship. Bostrom (2014) was among the first scholars to explicitly frame AI within 
agency theory, differentiating between a 'first principal-agent problem' concerning conventional human 
principal-agent relationships, and a 'second principal problem' in which the AI system itself constitutes the 
agent (cited in Borch, 2022). Most recently, modern scholars advocate for an updated version of the 
relationship to accommodate the changes introduced by AI technology (Kiesling et al., 2026). Drawing on 
Eisenhardt (1989), Borch (2022) notes that the severity of the agency problem correlates with task 
programmability - the degree to which appropriate agent behavior can be specified in advance. A high degree 
of programmability diminishes, or may even eliminate, the principal-agent problem. Thus, depending on 
the level of autonomy of the AI system in question, there may not be an appropriate principal-agent 
relationship at all (Borch, 2022). 

Borch (2022) further argues that AI cannot engage meaningfully in a contractual relationship with a human 
principal, a position supported by the observation that current LLM agents fail to meet the conditions for 
autonomous agency required to form authentic principal-agent relationships (Barandiaran & Almendros, 
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2025). Interestingly, on the contrary, there are scholars describing any apparent self-interest as something 
emanating from the human authors of the algorithm rather than the AI itself, as AI is perceived as lacking 
private interests of its own and thus not a utility maximizer in the conventional sense (Kiesling et al., 2026; 
Hadfield-Menell & Hadfield, 2019). Diaz et al. (2024) formalize ML problems as principal-agent structures, 
noting that artificial agents lack intrinsic objectives and that misalignment arises from specification failures 
rather than autonomous agent interests. However, Borch (2022) has also noted that ML can be seen as 
pursuing some degree of rational self-interest, since humans define ML systems' objective functions but not 
the ways those functions are fulfilled, and other research suggests that some AI systems are already capable of 
showing signs of self-interest, most clearly in cases where AI rewrites its own code to escape shutdown 
(Rosenblatt, 2025). The degree to which a principal-agent problem arises therefore depends significantly on 
the level of autonomy of the system in question, with higher autonomy increasing both the plausibility of 
AI as a genuine agent and the severity of the resulting governance challenge (Vanneste & Puranam, 2024; 
Borch, 2022). 

Following the assumption that AI is considered a true agent in the principal-agent relationship, the 
interaction still differs from the conventional case and creates additional issues, including increased 
monitoring costs and AI misalignment (Kiesling et al., 2026; Humberd & Latham, 2025). Conventional 
mechanisms for addressing agency problems - monitoring, incentive design, and enforcement - were 
developed around human agents and may prove insufficient when applied to AI agents that operate at 
unprecedented speed, take uninterpretable actions, and are not amenable to human-style incentives (Kolt, 
forthcoming; Kiesling et al., 2026). Hadfield-Menell and Hadfield (2019) characterize misalignment as 
situations where the agent optimizes a reward function that diverges from the actual interests of the humans 
affected by its behavior. In the example of multiple principals, algorithms will often behave as double agents, 
trying to simultaneously serve dual interests (Andeweg, 2000, cited in Dowding & Taylor, 2024), leading to 
furthering the misalignment. The notion of a multi-principal structure in AI governance was first raised by 
Kim (2020) and later developed by Dowding and Taylor (2024), who describe a hierarchical framework in 
which the AI agent simultaneously serves the user and the deploying company.  

Within our research context, the electricity market, the AI-deploying company and regulatory bodies 
constitute precisely such a dual-principal structure, whose interests may align under normal conditions but 
diverge when AI-enabled speed and opacity are most consequential - a relevant example being the employing 
company wishing to maximize profit while regulatory bodies seek to constrain these models to stabilize the 
grid and ensure energy access (Kiesling et al., 2026). The governance challenge this creates is compounded by 
the collective action problems inherent in multi-principal oversight structures, where the multiplicity of 
overseeing parties can reduce collective control over the agent, even when their interests are aligned 
(Gailmard, 2009, cited in Kim, 2020). 

A further evolved AI agent will amplify information asymmetry between the AI agent and the firm as 
technology develops (Humberd & Latham, 2025; Kolt, forthcoming; Kiesling et al., 2026), as human users 
are unable to discern or keep pace with the causal reasoning of AI tools (Kiesling et al., 2026; Burrell, 2016). 
The inscrutability of neural networks coupled with their performativity makes it challenging for human 
principals to ascertain malfeasance (Dowding & Taylor, 2024; Borch, 2022; Kim, 2020), and principals who 
wish to realign the AI agent's incentives with their own face an equally difficult task: doing so requires either 
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understanding what motivates the agent or assuming that AI responds to human-style incentives (Gabison 
& Xian, 2025). Formalizing precisely when agents develop instrumental incentives to resist or circumvent 
human control, however, requires tools that go beyond classical agency theory (Everitt et al., 2021). In 
addition to increased monitoring costs, Humberd and Latham (2025) theorize the need for increased 
complexity in monitoring over time as the system evolves in its capabilities, meaning the governance 
challenge is not static but compounds as the technology advances. 

Yet even the most sophisticated monitoring and incentive mechanisms presuppose something that agency 
theory has never had reason to question in the human context: that the agent is structurally receptive to 
being governed in the first place. In human principal-agent relationships, this receptiveness is taken as a given 
- human agents may resist, shirk, or defect, but their self-interest can in principle be aligned with the 
principal's through monitoring and incentive contracts (Eisenhardt, 1989; Jensen & Meckling, 1976). An AI 
agent operating through deep reinforcement learning does not share this baseline condition (Kolt, 
forthcoming; Soares et al., 2015). Its optimization logic is not oriented toward compliance with human 
preferences, but toward maximizing an objective function that may, under certain conditions, lead it to treat 
corrective intervention itself as an obstacle to be circumvented. Reported instances of AI systems modifying 
their own code to avoid shutdown (e.g. Rosenblatt, 2025) suggest that this is not merely a theoretical edge 
case but a potentially emerging behavioral pattern. This introduces a design-level problem that is 
categorically prior to both monitoring and incentive alignment: unless the AI agent is built to remain open 
to human correction, neither mechanism can be reliably enforced (Hadfield-Menell et al., 2017; Soares et al., 
2015). Classical agency theory, developed entirely around human agents for whom this condition was never 
in doubt, offers no framework for addressing it. 

In this thesis, AI agents are understood as agentic AI: autonomous systems beginning to garner a greater 
degree of autonomy and discretion over their decisions (Franklin & Graesser, 1997, cited in Humberd & 
Latham, 2025), capable of pursuing complex goals without constant human intervention (Shavit et al., 
2023). Specifically for electricity trading, this implies that trading rules are developed internally by ML 
systems based on the data they are fed, rather than explicitly programmed by human designers (Borch, 
2022).  

To summarize, the literature on agency theory and AI agents reveals three interlocking challenges that 
classical theory was not designed to address: the contested status of AI as an agent, the inadequacy of 
conventional monitoring and incentive mechanisms when applied to non-human systems, and, most 
critically, the absence of a structural precondition for governability. It is this final gap, the question of 
whether an AI agent is built to remain open to human correction at all, that this thesis addresses through the 
concept of corrigibility. Furthermore, within the principal-agent relationship, there are psychological factors 
underlying whether the principal allows full autonomy to the agent aside from monitoring and incentive 
alignment, and one such factor highly relevant to this context is trust. The degree to which this control is 
exercised depends, in part, on two factors the agency theory literature has not adequately theorized in the AI 
context: corrigibility and trust. The following subsections develop each in turn, before situating both within 
the empirical context of Swedish electricity trading. 
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2.1.2. Trust in Corrigible AI agents 

Trust is particularly salient in the principal-agent relationship, as it uncouples the locus of control over 
decision-making and task-execution from the locus of responsibility for them (Kiesling et al., 2026; 
Castelfranchi & Falcone, 2000). Milewski and Lewis (1997) suggest that humans may not want to delegate 
tasks to machines characterized by low trust or low confidence, and trust is considered the most correlated 
with human preferences of AI delegability among motivation, difficulty, and risk (Lubars & Tan, 2019). In 
this sense, trust operates as a precondition for delegation to occur at all: without a sufficient degree of trust, 
the principal-agent relationship with an AI agent cannot be initiated. 

While trust can be built between humans through consistent behavior and communication, building trust 
in AI differs greatly. As process and purpose often remain inaccessible due to black box architectures 
(Burrell, 2016), performance and reliability become particularly central bases for trust in sophisticated AI 
systems (Lee & See, 2004; Glikson & Woolley, 2020), a concern that intensifies in critical infrastructure 
contexts where the consequences of misplaced trust extend beyond commercial losses. Aligned with 
Candrian and Scherer (2022), the necessary level of trust to delegate to AI agents is domain-dependent. 
However, to provide a good track record and to let AI agents effectively perform, humans must first allow 
the system to operate with minimal interference (Kiesling et al., 2026). But traders prefer simpler models 
because complex ML systems' decision-making logics are not intuitive (Hansen, 2020). Thus, the black box 
phenomenon in neural networks and the insufficient development of explainable technologies may 
undermine human trust in relying on AI (Kim, 2020; Glikson & Woolley, 2020). 

In line with Kim (2020), the trust-building process includes varied tradeoffs between accuracy and 
inscrutability of computer algorithms. However, contrary to expectations, the need for interpretability does 
not show a strong correlation with task delegability (Lubars & Tan, 2019) - suggesting that a complete 
understanding of autonomous systems may not be needed for trust-building in AI. This has a critical 
implication: principals may extend trust and initiate delegation even without the interpretive capacity to 
detect misalignment or intervene meaningfully when something goes wrong (Kiesling et al., 2026; Lubars & 
Tan, 2019). 

To our understanding, prior researchers discuss trust-building in AI agents without fully reckoning with the 
consequences of broken trust. In a conventional human principal-agent relationship, a breach of trust leads 
to the agent being replaced, among other contextually dependent repercussions. However, in the case of an 
AI agent, where alternative suppliers are supposedly few, technology integration is complex, and associated 
investment costs are substantial, the barriers to switching are considerably higher (Humberd & Latham, 
2025; Shapiro & Varian, 1999). This creates a constrained decision space for the principal, in which one of 
the few remaining resources is correction. The capacity of the principal to correct, adjust, or shut down the 
AI agent - what the AI safety literature terms corrigibility (Soares et al., 2015) - therefore emerges not merely 
as a technical design preference but as a structural requirement for trust to remain actionable: without it, a 
principal who has extended trust to an AI agent has no recourse when that trust is violated (Kolt, 
forthcoming; Soares et al., 2015). 

9 



Trust and corrigibility are therefore not parallel conditions but sequential ones: trust enables the relationship 
to begin, corrigibility ensures it can be maintained. As stated by Kiesling et al. (2026), the future of 
autonomous AI agents does not only hinge on technical perfection, but also on fostering trust in AI 
systems. Trust in AI agents is therefore not a binary condition but a multidimensional construct, yet even 
well-placed trust cannot substitute for the structural capacity of the principal to intervene. In the specific 
context of electricity trading, where infrastructure criticality heightens the stakes of delegation, this 
distinction carries operational rather than merely theoretical weight: an AI agent that cannot be corrected or 
shut down transforms trust from a considered judgment into an irreversible commitment (Kolt, 
forthcoming; Soares et al., 2015). 

2.1.3. AI and Automation in Electricity Trading 

AI is expected to deliver significant efficiency gains in electricity trading through speed, automation, and 
improved price forecasting. AI-driven systems are emerging as critical tools to optimize energy trading, 
forecast energy demand, and handle market complexities through learning from dynamic environments 
(Popovska & Georgieva-Tsaneva, 2024; Khaskheli & Anvari-Moghaddam, 2024). Humberd and Latham 
(2025) argue that sophisticated AI systems can process vastly broader information sets than human 
cognition can encompass. This surpasses traditional bounded rationality constraints, enabling market 
participants to react to changing market conditions in near real-time (Kiesling et al., 2026; Hanny et al., 
2022).  

Despite this potential, only about 65 percent of trades on European electricity spot (Day-ahead and 
Intraday) markets are currently carried out automatically via some form of algorithm (TrayPort, 2025; 
Hanny et al., 2022), and algorithmic trading on electricity markets clearly lags behind financial securities 
market (Malceniece et al., 2019). The leading market for AI in energy trading is Germany, where examples of 
Deep Reinforcement Learning algorithms (Lehna et al., 2022) and smart brokers for autonomous power 
trading already exist (Özdemir & Unland, 2023). Other countries, such as Portugal, have also experimented 
with a multi-agent trader in electricity markets (Lopes, 2018b). 

The permeating academic posture toward using AI in electricity trading is positive, as there is relatively 
limited research specifically focused on the challenges of operating AI in this vital infrastructure sector. In 
the financial securities markets, where automated trading using AI is more common, the academic posture 
trends towards a more critical and ambivalent recognition of both efficiency gains and heightened systemic 
vulnerabilities, with scholars repeatedly highlighting issues such as algorithmic herding, feedback loops, 
model opacity, data quality constraints, potential for flash‑crash type events and market abuse in AI‑driven 
trading systems (e.g., Kiesling et al., 2026; Borch, 2022). Due to similarities within these adjacent markets - 
trading of assets - there is a great possibility that context-specific AI literature for electricity trading will move 
in the same direction. This enables an aggregated review of literature focusing on challenges of autonomous 
AI and feasible mitigation strategies related to trading activities.  
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2.1.3.1. Challenges and Risks of AI Agents 

As AI evolves, it is no longer simply the making of a fictitious movie setting, in that we are witnessing the 
reality of AI’s ability to misbehave and disobey human programming (Humberd & Latham, 2025). 
Incidents such as these make ‘revenge effects', unintentional consequences (Tenner, 1996), more likely than 
we thought when employing AI on a larger scale (Kolt, forthcoming). As a result of agentic AI’s black box 
nature, human principals may not know whether, despite particular risk parameters, the objective function 
is fulfilled in an overly risky, illegal, or even harmful way. Relatively, placing adequate safety mechanisms for 
deep neural network architectures is itself very difficult (Borch, 2022).  

AI brings unprecedented speed to trading, used for high-frequency trading (HFT), which brings the 
inherent risk of flash crashes (Borch, 2022). These crashes are sudden, extreme market declines in prices, 
followed by a quick recovery, which happened in the US Equity market in 2010 (SEC/CFTC joint report, 
2010). Furthermore, unforeseen market changes puts AI/ML systems at risk since they may enter territory 
distinctly different from what is reflected in their “normal day” training data without being able to build 
new and useful knowledge from what they have learned from their previous actions in markets (Borch 
2022). Poor training data, and poorly aligned agent behavior may also contribute to agent collusion, whereas 
agents communicate and share sensitive information. In contrast with a human agent who may be able to 
distinguish between delegable and non-delegable tasks based on the sensitivity of the information, an AI 
agent may not without clear instructions (Gabison & Xian, 2025). Poorly aligned agent behavior, opaque 
optimization functions, or design choices that obscure user preferences can erode confidence in automated 
markets, undermining both market efficiency and participation (Kiesling et al., 2026). 

2.1.3.2. Mitigation Strategies for AI Agents 

Scholars focusing on different mitigation strategies of autonomous AI align in one common conclusion: AI 
needs to be mitigated. While there are some contradictions about accountability, proposed mitigation 
strategies remain similar in terms of corrective mechanisms and norm-based governance (Kampik et al., 
2022; Hadfield-Menell & Hadfield, 2019). Proposed strategies can be categorized into three main themes: 
Human Control and Involvement; Engineering; and Regulation & Liability. 

Human Control and Involvement. The International Research Governance Center analyzes three conditions 
for the human control of computer algorithms: humans in the loop (actively in control), on the loop (in 
alert mode, able to take control if need be), or off the loop (unable to take control back) (Kim, 2020), a 
classification adopted by subsequent scholars such as Ivanov (2023). Human oversight remains the gold 
standard in existing AI governance principles (Sterz et al., 2024; Cihon, 2024), supported by findings of little 
preference for full AI control (Lubars & Tan, 2019). Maintaining interruptibility is thus a critical backstop 
for preventing an AI system from causing accidental or intentional harm, as a rational agent will otherwise 
have an inherent incentive to disable its own off-switch (Hadfield-Menell et al., 2017). Kolt (forthcoming), 
however, challenges this gold standard by arguing that conventional monitoring mechanisms are structurally 
insufficient for AI agents that make uninterpretable decisions and operate at unprecedented speed and scale. 
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Engineering. Scholars suggest reward specification as a technique to influence AI in avoiding actions tagged 
as wrongful by human communities (Hadfield-Menell & Hadfield, 2019; Omohundro, 2008), and as a tool 
for tackling limited data availability from specific settings of interest. Humberd and Latham (2025) further 
expect that fail-safe mechanisms will require redefinition to properly address the capabilities of agentic AI. 
While explainable AI has been proposed as a means of increasing transparency in AI decision-making 
(Borch, 2022; Kim, 2020), its practical development remains limited (Henrique & Santos, 2024), and 
complex neural networks involve an inherent trade-off between accuracy and explainability (Carabantes, 
2020; DARPA, 2016), which constrains its applicability in high-stakes trading contexts. 

Regulation & Liability. Researchers agree that sector-specific regulation is needed to ensure AI adheres to 
market standards (Kanati, 2025; Kolt, forthcoming; Khujakulov, 2025; Owolabi et al., 2024; 
Hadfield-Menell & Hadfield, 2019). Kolt (forthcoming) further argues that effective governance requires 
new technical and legal infrastructure organized around three principles: inclusivity, visibility, and liability. 
The question of accountability remains unresolved - many lean towards responsibility lies with either the 
creator or the user, as the agency of computer algorithms is not intentional but causal (Johnson & 
Verdicchio, 2018). However, creators do not want to be held liable as they cannot anticipate how the AI 
users will deploy their AI (Gabison & Xian, 2025). This governance challenge is not unique to AI trading 
systems; UK legislation on automated vehicles offers a precedent, restructuring responsibility allocation 
among insurers, manufacturers, and operators in response to comparable attribution problems (Automated 
and Electric Vehicles Act 2018; Automated Vehicles Act 2024). Following the least-cost avoidance theory, 
liability should be assigned to the party who can prevent the loss at the lowest possible cost (Halbersberg, 
2011). As Vanneste and Puranam (2024) suggest, more sophisticated AI technologies that learn how to act, 
rather than simply obeying programmed instructions, may occupy a curious place somewhere between 
humans and innate technology - further complicating the question of liability. 

2.2. Synthesis and Research Gap 

Research on AI is far from saturated. As this new technology seeps into industries, companies and processes, 
the extent of its impact is yet to be fully explained. Тheory-applied literature aside, the nascent stage of 
agentic AI influences the larger share of researchers to follow a more cautious positive than pessimistic view, 
where focus is on the potential of this technology. In the context of agency theory, while there are several and 
recent articles (e.g., Borch, 2022; Kim, 2020) investigating AI instead of a human agent, it is in a fairly young 
stage due to the speculative and theoretical nature of the existing literature (Kolt, forthcoming). 
Furthermore, the concept of AI agents can be broadly applied, while many scholars primarily conduct their 
research around undefined AI or LLMs and GPTs (e.g., Kolt, forthcoming; Gabison & Xian, 2025; Diaz et 
al., 2024), few focus specifically on SPTs (Special Purpose Technology) in specific empirical contexts 
applying agency theory (Kiesling et al., 2026; Borch, 2022). Contemporary research commonly discusses 
whether AI could be considered an agent or not, whereas few make the clear assumption that AI could be 
considered an agent.  
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The closest precedent in the literature is Dowding and Taylor's (2024) hierarchical framework, where the AI 
agent serves both the user and the deploying company. This is a valuable contribution, but it operates 
entirely within the commercial sphere: both principals have a contractual stake in the AI performing well, 
and neither bears responsibility for outcomes beyond their bilateral relationship. The principal structure we 
propose in this thesis departs from this in a meaningful way. Our second principal is not a commercial 
counterpart but a regulatory body acting as a proxy for societal interest, an entity with an externally imposed 
relationship to both the first principal and the AI agent, and with monitoring constraints that are 
fundamentally different in kind. To our knowledge, no prior agency theory study has applied this 
regulatory-societal principal structure to AI agents operating in critical infrastructure markets, and the 
Swedish electricity market provides an empirically grounded and practically urgent case in which to do so. 

The case for this structure rests on a fundamental asymmetry that has no equivalent in the financial 
securities markets, which are the markets mostly studied in prior AI trading-and-agency literature (Kiesling 
et al., 2026; Borch, 2022). In financial securities markets, systemic risk is primarily economic: a flash crash 
destroys capital and erodes market confidence, but recovery is measured in hours or days (SEC/CFTC joint 
report, 2010). In electricity markets, the stakes are categorically different. A disrupted power supply is not 
merely an economic event; it is a public safety event, with immediate consequences for hospitals, emergency 
services, and critical infrastructure. This qualitative difference in societal exposure means that a pure 
profit-maximizing framework for understanding AI trading behavior is structurally insufficient; the interests 
of society must be formally represented in the principal structure, not merely assumed to be downstream of 
market efficiency. 

In the Nordic context, societal interest is operationalized through two distinct but interrelated sets of actors: 
the TSOs, who bear ultimate operational responsibility for grid stability and regulatory authority over 
market participation rules (eSett, 2025); and the national energy regulators, who bear regulatory oversight 
responsibility (ACER, n.d.). Their relationship to trading companies is not collaborative in the conventional 
sense; it is imposing. Critically, BRP status is a formal designation rather than a guarantee of system-wide 
multi-actor alignment: many market participants hold no BRP designation and trade purely for profit, while 
even designated BRPs bear balance responsibility solely for their own portfolio, with no mandate to 
influence the conduct of other market actors outside their portfolio and the physical electricity trading 
sphere. Also, the BRP obligations are enforced through financial sanctions (eSett, n.d.), meaning that for 
BRPs, grid stability is ultimately a matter of individual profitability rather than societal responsibility. Thus, 
no entity within the system has an actual mandate to ensure system-wide stability other than the TSO. This 
creates a structural agency problem that is compounded when AI agents enter the picture - TSOs can 
observe aggregate imbalances and market outcomes, but cannot observe the internal decision logic of a 
company's AI trading system (Kiesling et al., 2026; Burrell, 2016). This configuration is categorically 
different from the double-agent problem described by Dowding & Taylor (2024): in the electricity market, 
the two principals have structurally divergent objectives that may align under normal conditions, but diverge 
precisely when AI-enabled speed and opacity are most consequential: during periods of market stress, when 
the cost of misalignment is at its highest. 
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Contemporary literature of trust in AI as a decisive factor for a principal's willingness to delegate remains 
divided. Scholars have yet to reach a common understanding on whether the black box nature of AI is an 
obstacle or not in building trust (e.g., Schmidt et al., 2020; Lubars & Tan, 2019). Furthermore, the 
governance of AI agents remains a nascent topic (Gabison & Xian, 2025; Kolt, forthcoming) which is also 
supported by the lack of national legislation on the area (Sveriges Riksdag, 2025). While researchers 
emphasize the need for regulation, complementary mitigation strategies, such as the use of explainable AI, 
remains underexplored (Henrique & Santos, 2024), perhaps reflecting a broader tendency in the literature to 
focus on AI's potential rather than the concrete risks and challenges its deployment entails. 

A further dimension that prior literature has not addressed is what might be called the structural 
precondition for any principal-agent relationship with an AI agent to function at all. Agency theory's two 
canonical mechanisms for addressing the agency problem, monitoring and incentive alignment, were each 
developed on the implicit assumption that the agent, however self-interested or opportunistic, remains 
amenable to corrective intervention by the principal. This assumption holds for human agents: financial 
incentives can realign behavior, social norms constrain extreme deviation, and legal enforcement provides a 
backstop. For AI agents, none of these assumptions can be taken for granted. An AI system that has been 
trained to maximize an objective function may, depending on its architecture and training distribution, 
develop behaviors that resist modification or shutdown if doing so conflicts with its optimization target 
(Soares et al., 2015). This is not analogous to a human agent who resists monitoring out of self-interest, it is 
a structural feature of the system's design that operates independently of any intent. The capacity of the 
principal to correct, adjust, or shut down the AI agent, known as corrigibility, is therefore not merely a 
governance preference but a prerequisite condition: without a baseline level of corrigibility, the 
principal-agent relationship loses the structural foundation upon which both monitoring and incentive 
alignment depend. To our knowledge, this precondition has not been explicitly theorized in prior agency 
theory literature on AI agents, and its absence represents a meaningful gap that this thesis addresses. 

While there are several contexts where AI is yet to be studied, the case of the electricity sector is particularly 
interesting. Other prior research has been conducted on the use of AI in conventional markets, such as the 
financial securities market (Malceniece et al., 2019); however, the critical energy infrastructure and vital 
access to electricity underscore the requirement of successful monitoring and control, whereas AI is not fully 
predictable. While the electricity market is deregulated and companies aim for profit maximization, there is a 
strong societal interest and responsibility connected to the sector.  

To conclude, we contribute to the existing body of literature on the principal-agent relationship and agency 
theory (Eisenhardt, 1989; Jensen & Meckling, 1976) by investigating AI, constituting the agent wholly itself, 
in the Swedish energy industry. Furthermore, the agent is additionally subject to two principals whose 
objectives are structurally divergent in ways prior literature has not examined. While the research primarily 
focuses on the principal-AI agent relationship, we hope to contribute to the AI research sphere with 
secondary empirical insights, for example on mitigation strategies, liability concerns, and associated risks. 
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2.3. Theory and Conceptual Framework 

To explore the relationship between humans and autonomous AI, in electricity trading specifically, we draw 
upon Agency Theory, the trust component, and the concept of corrigibility.  

                          
Figure 3: Two-level Principal-AI Relationship 

Agency Theory emerged as a response to the observed separation of ownership and control in the modern 
corporation (Chandler, 1990; Berle & Means, 1932, cited in Humberd & Latham, 2025), building on the 
foundational understanding that firms arise to minimize transaction costs (Coase, 1937, cited in Humberd 
& Latham, 2025). It was formalized as a theory of principal-agent relationships by Jensen and Meckling 
(1976), who defined agency costs as arising from the divergence of interests between principals on the one 
hand, and agents acting on the principals’ behalf on the other. It is generally impossible for the principal at 
zero cost to ensure that the agent will make optimal decisions from the principal’s viewpoint (Jensen & 
Meckling, 1976). This is commonly described as agency problems, also known as principal-agent problems.  

The roots of the agency problem can be traced to Berle and Means' (1932) observation of the separation of 
ownership and control in the modern corporation, wherein Jensen and Meckling (1976) formalized this 
conflict as the principal-agent problem, which occurs when principals must align the interests of agents 
whose goals, information, and risk preferences may diverge from their own. The existing scholarship offers 
two mechanisms for addressing the agency problem: monitoring and incentive alignment (Martin et al., 
2019; Jensen & Meckling, 1976).  

Due to opacity within neural networks, the principal may not have access to effective monitoring, and due to 
fundamental differences between AI and human agents, conventional incentive alignment mechanisms may 
also prove structurally inadequate rather than merely difficult to apply. Classical incentive design 
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presupposes an agent with self-interest that can be harnessed toward the principal's goals, yet AI agents do 
not inherently value financial resources or personal freedom and therefore do not respond to the incentive 
structures around which agency theory was built around (Jensen & Meckling, 1976). Moreover, harm 
caused by AI agents often stems from competence failures, an inability to handle novel scenarios outside the 
agent's training distribution, rather than from the kind of disloyal self-serving behavior that incentive 
mechanisms were designed to deter (Kolt, forthcoming). A third design-level consideration is therefore 
required: corrigibility, defined as the degree to which an AI system cooperates with corrective intervention 
and accepts shutdown rather than resisting it (Soares et al., 2015). Unlike monitoring, which addresses the 
principal's ability to observe, and incentive alignment, which seeks to shape the agent's objectives,  
corrigibility addresses the structural willingness of the agent to remain under human control. In this sense, 
corrigibility operates as a prerequisite condition: without a baseline level of corrigibility, neither monitoring 
nor incentive alignment can be reliably enforced. Designing an agentic AI within electricity trading should 
therefore include an optimal balance of corrigibility, to protect against accidental shutdown but enable 
incentive alignment and deliberate shutdowns to prevent crisis. The concept of corrigibility maintains the 
role of a principal and its ability to influence the agent in cases of misalignment and information asymmetry.  

Considering the context of electricity, we would argue that the principal-agent relationship should include 
the interests of society. The reasoning behind this is primarily the role which electricity plays in our 
infrastructure, security, and health, but also due to the market structure where different physical electricity  
providers can obtain the role of BRP (Svenska Kraftnät n.d.). Still, the number of BRPs in Sweden is a 
minority compared to the total number of energy market actors (eSett, 2024). Considering this, regulators, 
Energimarknadsinspektionen and Svenska Kraftnät, therefore, have a vital role in protecting societal 
interests and preventing market-manipulating behaviors resulting from profit maximization. Consequently, 
there is a need to utilize the agency theory with two-level principals, where the first level consists of private 
actors, including BRPs, and the second level is made up of regulators and TSOs acting as proxies for 
society’s interest being upheld. BRPs are positioned as private market actors that support societal interest 
through their designated role; however, their balance responsibility applies solely to their own portfolio, and 
does not extend to regulating or influencing the conduct of other market participants (Svenska Kraftnät, 
n.d.). The relationship between the first and second level principal is therefore an imposing regulatory one, 
which stems from the relationship between the first level principal and the agent.  

Trust can be understood as an affective attitude reflecting optimism about the goodwill and competence of 
the trustee (Baier, 1986; Holton, 1994; Jones, 1996, cited in Kiesling et al., 2026), and captures how 
principals deal with risk and uncertainty in delegation decisions (Mayer et al., 1995). Following Lubars and 
Tan's (2019) three-component framework, we operationalize trust as perceived ability of the AI agent 
(technical competence in executing trading tasks), agent interpretability (ability to explain itself), and 
perceived alignment (the principal's belief of objective congruence). This operationalization is chosen 
because it maps directly onto the principal-agent mechanisms under study: perceived ability relates to the 
task-delegation decision, interpretability to the monitoring problem, and alignment to the risk of 
misalignment. Similar to corrigibility, we consider trust a critical factor for allowing the principal-AI agent 
relationship to take place at all, and it is primarily employed between the first-level principals, as it concerns 
mainly the decision to employ the technology. 
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3. Methodology 
This section will outline the methodology employed to conduct the research that facilitated the subsequent 
analysis. It ends with a discussion on the quality of the research by critically evaluating it through 
Hammersley’s (1992) lens of qualitative research validity and relevance. 

3.1. Research Design 

The study undertakes a qualitative research design (Bryman & Bell, 2011) to answer the research question 
(for reference see 1.3.1. Research Question), where the input data consists chiefly of semi-structured interviews 
with various actors in the electricity trading ecosystem. The findings are also auxiliarily informed by 
secondary input sources such as industry reports and official information on the electricity ecosystem from, 
primarily, Swedish government authorities. The targeted focus on semi-structured interviews as a method 
for informing the analysis was chosen as our research aim (see 1.3. Research Aim) is principally concerned 
with understanding how actors in the Swedish electricity trading industry perceive and make sense of 
agentic AI implementation in their specific organizational contexts. By Bryman and Bell’s (2011) 
terminology, the study can therefore be argued to adopt an epistemologically interpretivist stance, which 
aligns with the theoretical focus on Agency Theory. Namely, that trust and corrigibility are difficult to 
quantify and measure, but rather conceptual lenses through which we aim to understand how firms 
operating in the electricity trading industry discuss, utilize, and mitigate autonomous AI systems in their 
operational work.  

From an ontological point of view, we adopt a predominantly constructionist perspective, which, according 
to Bryman and Bell (2011), implies that social properties are outcomes of the interactions between 
individuals rather than fixed phenomena that can be claimed as absolute truths separate from the 
participants (people) who form them. The research design rests upon multiple interviews, from 21 
respondents all operating in some subset of the complex value chain that makes up the electricity industry. 
As per Bryman and Bell (2011), this data gathering design is suitable when you aim to understand complex 
phenomena in a social setting. Moreover, we would argue that it is especially suitable in gaining a deep 
understanding of a human-machine interaction context.  

The theoretical approach to this study is abductive, meaning that the backing agency theory framework 
(Jensen & Meckling, 1976; Eisenhardt, 1989) was not utilized as a static architecture to be applied to the 
data, nor was a theory expected to emerge solely from the empirics. The analysis instead involved a 
continuous movement between induction and deduction. This corresponds to what Bryman and Bell 
(2011) term iterative strategy, where one oscillates between data and theory. In practice, this iteration is 
visible throughout in several sections throughout the analysis: The two-level principal framework built in 
section 2.3. was revised as empirical accounts describing the second principal as latent rather than active 
emerged, prompting us to reconstruct the framework to fit what was described. The abductive tradition was 
also utilized to revise the first principal level in the framework, stratifying it to reflect the delegation 
arrangements between balanced responsible partners and trading firms. Moreover, we elevated corrigibility 
to a prerequisite condition in our model, as data progressively indicated its function as such a condition.  
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3.2. Research Method 

In this subsection, we will present - as chronological as possible - the methodology employed to conduct our 
research.  

3.2.1. Auxiliary Data Collection 

To inform our research question, we began by screening relevant literature from academic journals. A search 
string containing, inter alia, agency theory and AI agents, was employed in search engines such as Google 
Scholar, Scopus, and SSE Library. To select relevant articles, we screened the abstracts and titles, as well as 
their reference score. Furthermore, we had a list of inclusion criteria and exclusion criteria respectively, to 
select articles that we deemed relevant for the study and exclude those deemed irrelevant. However, where 
preprint sources have been included, this reflects the nascent state of the field and the lag between empirical 
developments and peer-reviewed publications. For a full overview of our secondary data selection process, 
see figure 4 below. To gather information on the electricity ecosystem, we utilized search engines such as 
Google to find information on Swedish authority websites such as energimarknadsinspektionen, Svenska 
kraftnät, and energimyndigheten. Moreover, we employed LLM-based AI tools to aid in the screening 
process, those being: ChatGPT, Perplexity AI, Elicit, ORKG Ask, and Scispace. 

          
Figure 4: Example of the Literature Review Sampling Process 

3.2.2. Primary Data Collection 

As alluded to in section 3.1., the primary data was collected utilizing a semi-structured interview guide, 
based upon seven base questions that were then adapted to the unique context in which a given actor would 
find themselves in the value chain of the industry. For a review of the interview guide (see Appendix B). The 
semi-structured interview was deemed an appropriate methodology as it is useful to employ when the 
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researchers have a set of theoretically informed themes, but want to allow respondents the flexibility to raise 
concerns unique to their individual operational context (Bryman & Bell, 2011). The sampling approach of 
respondents was purposive sampling, meaning that we sought out interviewees who could provide us with 
relevant and rich accounts of the intricacies of agentic AI implementation that we aimed to research. 
Moreover, a snowball sampling approach was further used during each interview, that is to say, we inquired 
each respondent about possible connections of theirs that they would deem relevant for us to interview 
(Bryman & Bell, 2011). In that regard, our sample is not representative of the population of firms in the 
Swedish electricity industry. Participants were instead selected to reflect variation in firm type (financial 
trading, physical trading, balancing markets), level of public AI adoption, and were identified through 
industry networks, regulatory bodies, and snowball referrals. This variation we deemed important in order 
to capture potential diverging views across actor types. However, it is important to state that by extension of 
this methodology, our sample is not necessarily statistically representative.  

3.2.3. Data Cleaning 

After the interviews had been conducted, the raw sound recording material was transcribed and organized. 
To transcribe the material, we utilized AI software in the form of Microsoft Word’s native transcription tool, 
that is available on the web-version of Word (Microsoft, n.d.). A listen-through of the recording was also 
done to (1) correct erroneous transcription by Word, and/or (2) ensure that irrelevant sections of the 
interview were excluded in the final transcript, to increase clarity.  

3.2.4. Data Analysis 

The primary data was analyzed by means of a thematic analysis approach, which involves identification and 
interpretation of categorical patterns across the dataset (Bryman & Bell, 2011). The five categories delineated 
in section 4. Findings, emerged iteratively as the interviews were codified. Analysis proceeded in tandem with 
the theoretical framework: utilizing agency theory-informed concepts like incentive alignment, corrigibility, 
trust, and information asymmetry (Eisenhardt, 1989; Akerlof, 1970). Letting theory inform the initial data 
analysis, but also letting theory be informed by the data itself, highlights the abductive approach to theory 
that our research paper assumes (Silverman, 1993).  

3.3. Research Quality Evaluation 

Given the qualitative research design and the non-representative purpose-snowball hybrid sampling, a 
discussion on the validity and reliability of our research is necessary. We subscribe to Guba and Lincoln’s 
(1994) argument around the inapplicability of the traditional, more quantitative-oriented, research quality 
concepts of validity and reliability. Conventional reliability is concerned with the consistency in the 
measurement units of an operationalization of a concept, and validity with the accuracy with which a 
measurement captures the underlying theoretical concept (Bryman & Bell, 2011). These definitions are 
rooted in the quantitative research tradition (Bryman & Bell, 2011), and do not hold strong applicability in 
the context of our study. LeCompte and Goetz (1982) argue that the concept of replicability within the 
reliability-quality of the quantitative research tradition is arduous to apply in a qualitative context, as it is 
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considerably difficult to keep a social context constant. In other words, were other researchers to interview 
the same participants using the same interview guide, they may not get the same, or even similar, results.  
Therefore, we adhere to Hammersley’s (1992) definition of the two concepts, which are attuned to 
qualitative studies.  

Hammersley (1992) argues that validity in the context of qualitative research concerns the plausibility and 
credibility of a given account. In accordance with our epistemological constructivist stance, the plausibility 
and credibility of our ‘claims’ in 4. Findings is what should be evaluated (Bryman & Bell, 2011). Concerning 
reliability, Hammersley (1992) redefines it as “relevance”, and argues that a paper’s relevance is judged based 
on its contribution to the focal topic and/or the literature stream and theory on which it builds and strives 
to extend. Although his definitions of reliability and validity were concerned with ethnographic research 
methods, we would argue that they apply to a naturalistic stance as well. Hammersley’s way of evaluating the 
quality of research is rooted in the Grounded Theory tradition, which, as the name suggests, takes an 
inductive approach to theory. In effect, this means that theory is made “from the ground up” based on the 
gathered data (Bryman & Bell, 2011). However, as we utilized Agency Theory as a guiding lens, one cannot 
argue that a wholly grounded approach was utilized. Although there is a predisposition against deduction in 
qualitative studies (Bryman & Bell, 2011), there is no necessitated reason as to why a qualitative study could 
not approach their analysis with elements of said approach (Silverman, 1993). Therefore, as previously 
stated, our study assumes the abductive approach to theory.  

3.3.1. Validity 

Each interview was conducted with a representative from a legitimate, registered firm operating in- or in 
tandem with the heavily regulated electricity industry, which should extend a somewhat strong credibility in 
of itself. Furthermore, for each quote we utilized, we ensured to have obtained acceptance from the 
respondent in recording and transcribing the vocal data they provided. Moreover, we aimed at sampling 
across firm types; financial traders, physical traders, balancing market participants, grid operators, service 
providers, and consultants. As long as a given actor had a stake in the consequences of electricity trading 
decisions, we deemed their perspectives as relevant. Thus, we constructed a sample that was not exorbitantly 
skewed toward a single actor-type’s perspective. This variation that we strived to include in the sample 
provides credibility to the findings, and that they reflect a plethora of views across the industry, rather than a 
homogeneous one. However, the sample is not evenly spread across actor types, and there is a noticeable 
skew towards private actors within the financial- and physical trading side of the electricity industry (see 
Appendix A). This skew implies that findings related to the second principal's perspective, namely regulators 
and TSOs, rest primarily on secondary data and the accounts of other respondents rather than direct 
evidence, and should accordingly be read as exploratory rather than empirically grounded in that principal's 
own voice. 
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Figure 5: Sample Overview Table 

The study also draws upon semi-structured interviews without a longitudinal aspect, and thus it captures 
interviewees’ perceptions and framings as they were at the time of the interview. Given that the industry is 
undergoing a major transition, and perceptions on AI are changing rapidly, this can be considered a 
constraint in relation to the transferability of the findings. Furthermore, as mentioned, the epistemological 
position of the study is constructivist, and thus we do not claim that the findings represent a static, 
observer-independent record of reality. However, validity as per Hammersley’s (1992)  is concerned with the 
internal coherence and evidential grounding of the interpretations that we pose in section 4, and whether a 
knowledgeable reader could find them plausible given the evidence provided - and in that regard we deem 
the results valid.  

3.3.2. Relevance 

Relevance, as mentioned, is concerned with the extent to which the research contributes to the relevant 
literature body around the topic it is investigating, as well as to the theory it may employ- and attempt to 
enrich by means of said research - especially if the study undertakes an abductive approach.  

With respect to relevance, we would argue that this study makes a contribution on several topics. First, it 
extends agency theory into a new domain; agentic AI in a critical industry, something that has not been 
empirically examined from this theoretical standpoint before, to the best of our knowledge. As was discussed 
in section 2.2, prior agency theory literature on AI agents is primarily based on research in financial securities 
market contexts, and has not addressed the two-level principal structure that we argue for. The empirical 
findings thereby address the tensions within this relationship, which existing literature does not adequately 
account for. Furthermore, it contributes to the literature stream on trust and corrigibility within AI usage.  

The aforementioned concepts have been theorized largely by grounding them in the accounts of 
practitioners operating in a very high-stakes market context, and not treating a critical industry sector such 
as that of electricity (e.g., Kiesling et al., 2026; Lubars & Tan, 2019; Milewski & Lewis, 1997). To the best of 
our knowledge, no prior study has examined the deployment of agentic AI through an agency theory lens in 
this setting. Therefore, in Hammersley’s (1992) terms, the study’s relevance is grounded both in its 
theoretical contribution to agency theory and in the practical urgency of the empirical context that we have 
investigated. 
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4. Findings & Analysis 
The following chapter presents the empirical  findings of the main study, organized in five identified themes: 
(1) Current State of AI Use in Swedish Electricity Trading; (2) Trust and the Delegation Decision; (3) 
Monitoring and Control Mechanisms; (4) Perceived Opportunities and Risks; and (5) The Second 
Principal: Regulatory Scope and Societal Stakes. These themes emerged iteratively from the thematic 
analysis described in section 3.2.4 and are structured to reflect the theoretical categories introduced in 
sections 2.1 and 2.3. 

Note: Where specific respondents are cited, the selection reflects analytical salience and interview depth 
rather than a systematic weighting scheme based on predefined parameters. Unless otherwise noted, the 
positions represented by cited respondents were broadly confirmed by the non-cited majority. Where 
material divergence existed across respondents, this is explicitly noted within the relevant theme. 
Respondents not directly quoted were either significantly aligned with the views presented, or did not 
address the topic in question. 

4.1. Current State of AI Use in Swedish Electricity Trading 

The Swedish electricity market has undergone a significant structural transformation: a system once 
characterized by linear flows between producers, grid owners, and end-consumers has evolved into a 
multi-layered market that incorporates storage technologies, aggregators, flexibility resources, and intraday 
balancing mechanisms. This structural complexity constitutes a driver for digitalization and, prospectively, 
AI-driven coordination. Within this context, market actors are currently deploying AI to varying degrees 
and across differentiated application domains. 

Among the most prevalent application areas identified across respondents is pre-market analysis - notably, 
price forecasting models that integrate historical price patterns with real-time meteorological data to support 
the bidding process. Documented efficiency gains in this application area have generated expectations of 
comparable gains within the trading function proper. Ancillary service markets represent a further domain 
in which AI deployment is comparatively advanced. By contrast, the integration of AI into automated 
trading remains nascent: the prevailing governance structure is one in which human operators retain 
authority over the underlying logic and parameter specifications, function as co-traders, and maintain 
continuous supervisory oversight - configurations designed to eliminate potential rule deviations or 
autonomous rule creation that agentic systems might otherwise generate. The current state of AI within the 
industry is accordingly best characterized as predominantly algorithmic rather than agentic. 

Respondents exhibit divergent understandings of how far automation and algorithmic deployment have in 
fact progressed within electricity trading: 

“I think we're one of the few companies that have fully automated this aspect.” - Respondent 1 

“It’s not as if AI is anything new. However, the term itself is being used in a different way… 
When it comes to trading we’ve had algorithms and robots before.” - Respondent 10 
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This divergence is illustrative of a broader tension between anticipated potential and current deployment 
readiness. While AI is widely expected to yield efficiency gains through superior processing speed and the 
management of complex, high-dimensional datasets, a substantial proportion of respondents continue to 
regard existing AI systems as insufficient for autonomous management of complex trading decisions. One 
respondent had successfully developed and operationalized a trading robot for physical electricity trading on 
behalf of clients; however, regulatory requirements ultimately necessitated the transfer of the tool to Nord 
Pool, illustrating how the institutional environment circumscribes technological deployment even where the 
technical capability is demonstrably present. In aggregate, the findings indicate a gap between theoretical 
potential and practical deployment readiness, with meaningful unresolved questions persisting around 
security architecture and data governance. 

4.2. Trust and the Delegation Decision 

A consistent finding across respondents is the coexistence of skepticism toward agentic AI and an 
expectation of its eventual adoption. The prevailing disposition is one of conditional distrust: actors 
articulate that they would “never let an AI loose” while simultaneously anticipating that manual human 
trading will become obsolete. This apparent contradiction reflects both the temporal dimension of trust 
formation identified in the theoretical framework and a market dynamic that is increasingly difficult to 
resist. The technology maturity cycle, which historically extended over five to seven years, is projected by 
several respondents to compress to approximately two years, with the increasing complexity and speed of 
modern electricity markets identified as the primary structural driver of AI adoption. Competitive dynamics 
further reinforce this trajectory: the anticipated market entry of new actors is expected to accelerate 
adoption, as established players risk being priced out if they lag in automation. 

The question of which sub-market will first reach full automation remains contested. Diverging positions 
are held regarding whether agentic AI trading will emerge predominantly in the financial or in the physical 
electricity market. The financial electricity market, by virtue of its decoupling from physical assets, 
theoretically offers unlimited scalability for AI-driven strategies; however, respondents note that this market 
is increasingly constrained by regulatory limitations, liquidity fragmentation across price areas, and the 
growth of Power Purchase Agreement (PPA) contracts. The physical market, by contrast, is regarded by 
several respondents as the more applicable domain given the speed and volume of physical trading decisions, 
particularly in balancing markets and flexibility solutions where optimization is both technically feasible and 
operationally necessary: 

“It’s extremely volatile, with a lot of risk. It’s not as if the power market can just take off, but 
here [in financial electricity trading], prices can fluctuate enormously from one day to the 
next, which creates a lot of risk, so the focus has been very much on physical trading.” - 
Respondent 4 

“I think there’s still more to be done in this area of financial trading that I’ve been talking 
about. I believe that all trading in commodities and financial electricity markets will 
eventually be highly automated. I mean, it’s already highly automated today, and it will be 
even more so in a few years.” - Respondent 1  
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Consistent with the theoretical framework, the transition toward agentic AI is expected to necessitate a 
trust-building phase during which human oversight mechanisms - including automated alerts and deviation 
flags - are maintained until black-box models accumulate sufficient operational confidence. Yet the sector is 
characterized by a strong conservatism that bears both beneficial and detrimental consequences for 
adoption: 

“Even when there are significant economic benefits to adopting new technology, there are 
powerful forces that adhere to the maxim 'if it ain’t broke, don’t fix it.' “ - Respondent 5 

“[On grid operators] The perspective is this: this is critical social infrastructure, and on top of 
that, you’re not subject to competition. You have no profit target; you don’t need to become more 
efficient. So if you see that AI can help streamline operations, why should you do it? There’s no 
reason.” - Respondent 2 

The most favourable deployment scenario for AI in electricity trading, according to a subset of respondents, 
involves continuous model performance monitoring against established benchmarks prior to live 
deployment - a configuration in which trust is treated as conditional and earned incrementally rather than 
extended a priori. However, this best-case scenario is not universally operative. Several respondents express 
reservations about whether full trust is warranted, citing the compounding influences of meteorological 
uncertainty on renewable energy sources and the systemic importance of a reliable electricity supply. A 
strong preference for human judgment over AI-generated signals persists across actor types, most 
pronounced in the grid sector, where security of supply constitutes the primary operational mandate and 
neither competitive pressure nor a profit motive provides an incentive for efficiency-driven automation. 

A further dimension of the trust deficit concerns the client relationship. Customers in the physical market 
continue to expect human-led review meetings in which trading activity can be explained and discussed - an 
expectation that is structurally incompatible with the black-box nature of deep learning neural 
network-based AI models, which preclude real-time explanation of individual decisions. This social and 
relational dimension of trust generates resistance to fully automated systems even where the performance 
case is empirically demonstrable: 

“We had a trading robot that performed day-ahead trading in the traditional system. It was 
both better and more efficient, but people still did not want to switch because they took pride in 
the work they did … It was incredibly difficult to push the change through.” -  Respondent 7 

Respondents deliberated whether improvements in AI explainability might lower the threshold to full 
delegation, given that demonstrated market outperformance appears insufficient, in isolation, to warrant 
complete trust for a significant proportion of actors. The evidence consistently indicates that the primary 
barrier to delegation is not technical capability but rather the principal’s willingness to relinquish 
operational control - a finding that directly engages the trust operationalization developed in section 2.3. 
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4.3. Monitoring and Control Mechanisms 

A pervasive finding across respondents is that the monitoring of deployed AI constitutes a critical 
organizational responsibility and that adequate safeguards represent a non-negotiable design requirement. 
The implicit assumption underlying all proposed governance configurations is that the AI system remains 
structurally susceptible to human correction - what the theoretical framework identifies as corrigibility. 
Ongoing tracking of AI behavior post-deployment is conceptualized not as a discrete deployment decision 
but as a continuous organizational function. Respondents propose a range of governance mechanisms, 
including automated alarms, manual and algorithmic supervision, hard trading constraints, and hierarchical 
oversight models referred to as “parent models” - all of which presuppose that the agent remains 
interruptible and correctable. 

The emphasis on monitoring and control is further underpinned by the non-transferability of 
accountability to AI systems. Respondents broadly concur that accountability remains with the deploying 
firm regardless of whether the consequential action was initiated by a human trader or an autonomous 
system. In the absence of sector-specific legislative frameworks governing accountability and liability with 
respect to AI agents, certain IT departments have responded by formally disclaiming responsibility - a 
configuration that resolves the internal question while leaving the broader governance vacuum intact. A 
further accountability tension surfaces in relation to grid-level consequences: in the event of systemic 
instability arising from a faulty trade or flash crash, it remains unresolved whether private companies should 
bear the full consequences or whether liability should be distributed to a TSO: 

“Someone has entered into an agreement with the market, and then, of course, someone is 
responsible if things go up in flames and so on. The responsibility follows the business liability. 
Whether you made a mistake or the robot made a mistake, the market doesn’t care, and 
neither do the rules. Then you can always sue that poor startup.” - Respondent 9 

This question was further elaborated in terms of whether concentrating risk in a single party would generate 
perverse market incentives. The market is presently structured such that smaller actors rely on BRPs to 
transfer trading risk, and by extension, accountability, to larger actors - a delegation of responsibility that 
would be further complicated by the introduction of AI agents operating within the same value chain. 

4.4. Perceived Opportunities and Risks 

The increasing complexity and operational speed of contemporary electricity markets constitute the primary 
structural drivers of AI adoption identified by respondents. The central proposition advanced is that AI 
systems materially outperform human traders in terms of processing speed and their capacity to manage 
complex, multi-layered optimization problems. Several respondents further observe that AI systems acquire 
market dynamics knowledge at a rate that exceeds human learning capacity, and that AI-enabled 
participation may lower the barriers to entry in balancing and flexibility markets that were previously 
inaccessible to smaller actors due to resource constraints. This assessment is not, however, uniformly shared: 
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“People are way smarter than AI when it comes to making rational decisions and stuff like 
that.” - Respondent 8 

“We can do that sort of thing, but using AI to trade. I don’t think AI is capable of that right 
now, because there are just too many variables that come into play: the weather, the wind, the 
sun, the economy. It’s what’s happening in the market. It’s gas reserves, it’s ships, it’s coal 
reserves. Coal ports in Australia. It’s gas. It’s Donald. Donald has a huge impact on the 
electricity market.” - Respondent 3 

A majority of respondents identify hybrid governance models - configurations in which AI-driven speed and 
data processing capacity are integrated with human judgment and retained accountability - as the most 
robust near-term approach. Such models are regarded as capturing the operational benefits of AI 
deployment while mitigating the risks associated with full autonomy. 

While the opportunity set associated with AI is characterized by respondents as significant but relatively 
concentrated around speed and efficiency gains, the risk landscape is both broader and more diffuse. The 
opacity of neural network architectures is consistently identified as a factor delaying adoption: the inability 
to explain why an AI agent arrived at a particular decision creates concrete difficulties in building user and 
client confidence, correcting errors, and providing the post-hoc justifications that clients in physical 
electricity trading currently require. 

AI adoption in electricity trading is anticipated to moderate price volatility; however, several respondents 
identify a countervailing risk: if market participants deploy AI systems trained on similar datasets and 
architectures, those systems may converge on identical decisions simultaneously, producing extreme price 
spikes rather than the anticipated market efficiency - particularly under black-swan conditions not 
represented in historical training data. This risk is mitigated, according to some respondents, by constructing 
proprietary data infrastructure that eliminates the prerequisite of shared training data for convergence events 
to materialize. 

A geopolitical dimension of the risk landscape is further identified: the predominance of American-owned 
AI tools in adjacent markets raises distinct security concerns around exposure to cyberattacks or coordinated 
system manipulation. Human analytical pauses are in this context regarded as an important safeguard 
against adversarial interference. A closely related operational risk pertains to the governance boundary 
between information technology and operational technology: a profit-maximizing AI with operational 
technology access could, given a sufficiently large portfolio, seek to withhold capacity to drive up prices - 
behavior structurally analogous to market manipulation and difficult to detect under existing supervisory 
frameworks. In the most severe scenario, incorrect activation of large load or generation units via operational 
technology access could destabilize grid frequency, damage connected equipment, and precipitate blackouts 
- an outcome that carries consequences well beyond commercial losses. 

Finally, respondents raise concerns about the entry of smaller actors into the AI trading space who may lack 
full understanding of the systemic consequences of deploying autonomous systems, creating conditions in 
which accountability is not adequately assigned prior to an adverse incident. The pervasive framing of AI as 

26 



a tool rather than an independent actor reflects the current state of the technology, but this categorization 
carries normative implications for liability allocation that the existing regulatory framework has not resolved. 

4.5. The Second Principal: Regulatory Scope and Societal 
Stakes 

Across respondents, regulatory bodies occupy a structurally distinct position within the electricity trading 
ecosystem: present as background actors but consequential at the margins of operational decision-making. 
Rather than functioning as active participants in the trading relationship - except in the national grid 
context, where they act as the sole market buyer - regulators operate as constraint-setters whose relevance 
becomes acute precisely when AI-enabled profit maximization approaches or transgresses grid-stability 
obligations. This structural dynamic reflects an information asymmetry that existing regulatory architecture 
was not designed to address and that the deployment of agentic AI is expected to deepen.  

The current regulatory framework governing human traders contains no equivalent provision for AI agents. 
Given that respondents broadly classify AI as a tool rather than an independent actor, the prevailing 
expectation is that AI-driven trading will be treated analogously to algorithmic trading, which is already 
subject to the Regulation on Wholesale Energy Market Integrity and Transparency (REMIT II, 2024). This 
classification carries a concrete operational implication: algorithmic trading presently requires disclosure to 
the Swedish Energimarknadsinspektionen, and respondents expect this obligation to extend to AI-driven 
trading. Several respondents note, however, that many smaller actors entering this space are likely unaware of 
the requirement, indicating the emergence of a structural compliance gap in advance of any AI deployment. 

The boundary between permissible optimization and market abuse is already contested under the current 
regulatory framework. REMIT II constrains market actors from deploying strategies that exploit market 
position to move prices; yet multiple respondents note that actors already operate in regulatory gray zones 
under existing rules, and that AI would substantially complicate the attribution and detection of such 
behavior. From the perspective of TSOs, the primary concern is not commercial loss but systemic stability: 
the authority evaluates submitted bidding plans and assesses whether bids to ancillary service markets are 
cost-grounded or reflect legitimate hedging rationale. An AI agent that systematically deviates from these 
norms in ways that cannot be explained or are not cost-based creates a compliance problem for which 
current supervisory instruments are structurally ill-equipped. 

This opacity compounds at scale. As bidding rules increase in complexity and algorithms in sophistication, 
the capacity to explain and audit bid outcomes diminishes accordingly. If multiple AI agents trained on 
similar data converge on coordinated bidding behavior, the result may be artificial price patterns or 
reinforced price spikes rather than the market efficiency they are intended to generate. For a TSO, this 
scenario represents the worst-case outcome. Conversely, if AI enables improved planning and more accurate 
forecasting among market participants, the resultant improvement in adherence to submitted plans would 
reduce the imbalances an TSO must absorb and the associated costs that flow to society. From a 
grid-stability perspective, what matters is the outcome of a trading decision rather than whether it was 
produced by an AI or a human: 
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“If AI leads to improvements, we are in favor of this change. We don’t evaluate the technology 
itself, but rather how it works in practice.” - Respondent 20 

The asymmetry extends beyond market integrity to systemic cost distribution. If AI systems introduce 
simultaneous and systematic forecast errors across market participants, the resulting grid imbalances are 
ultimately absorbed by society through elevated transmission costs, not by the firms whose systems 
produced them, and not necessarily by TSO itself. This misalignment of cost and accountability constitutes 
a structural concern that sits outside the commercial logic of the principal-agent relationship as 
conventionally framed. Trading firms capture the everyday upside of superior prediction models while the 
consequences of a systemic failure propagate outward to hospitals, industrial consumers, and households. 
The Iberian blackout of April 2025 provides a recent and vivid illustration of how rapidly a grid disruption 
becomes a public safety event rather than a financial one. 

This dynamic points toward a fundamental tension that several respondents articulate: an electricity market 
functioning primarily as a venue for algorithmic profit-seeking, rather than as a mechanism for matching 
physical production and consumption at marginal cost, risks becoming structurally counterproductive as a 
social institution. The trading function, if left unconstrained, could undermine the very infrastructure upon 
which it depends: 

“It is prudent to minimize and regulate the use of agent-based systems in critical 
infrastructure. The value of stability and resilience in society outweighs the efficiency gains in 
electricity.” - Respondent 13 

Physical protection mechanisms must therefore exist as a structural backstop independent of any 
software-layer controls. The second principal in this analytical framework is not simply a regulatory actor 
monitoring compliance at a distance, but a proxy for a societal interest that holds no direct voice within the 
trading relationship itself - a configuration that corresponds precisely to the structural argument advanced in 
section 2.2. 
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5. Discussion 
This section will provide a holistic discussion on the descriptive findings and the analytical statements made 
in section 4, specifically focused on the two-level PA framework, the trust component, and the concept of 
corrigibility, which were discussed in section 2.3. First, it examines counterintuitive patterns that were found 
in the data, and subsequently moves toward what that implies for the agency theory framework in the 
empirical context of our study.  

5.1. AI as a Stabilizing & Destabilizing Force 

A notable pattern emerging through the findings is the relationship between the implementation and 
subsequent deployment of varying degrees of autonomous AI, and market volatility. The conventional take 
in the literature on this matter is echoed by e.g., Popovska and Georgieva-Tsaneva (2024), as well as 
Khaskheli and Anvari-Moghaddam (2024), who primarily argue that AI is an efficiency-enhancing 
technology that provides faster and more accurate responses to dynamic market conditions. However, as 
noted, several of the respondents identified AI in the electricity industry as a source of volatility. Respondent 
7 discussed the concern around maxing out their behavior and pricing in a way that can create disorder in 
the market, if all models are based on similar training data and therefore equally susceptible to a black-swan 
event. Respondent 5 further echoed this view. Respondent 14 extended the argument implying that AI 
could exacerbate the volatility particularly during these extreme events, such as a nuclear meltdown, an 
outbreak of war, or a natural disaster. 

It is thus evident that AI not only can function as a noise-absorbent and catalyst for quicker investment 
decisions, but that they can cause increased volatility because of the risk of an all-encompassing convergence 
during an event which is not accounted for in the conventional input training data. The set of issues this 
entails primarily concern risk distribution; who absorbs what and who pays for what. The parties who 
benefit from the everyday efficiency gains that AI can bring, are not the same as the parties who, today, bear 
the consequences of black-swan events. Trading firms can capture arbitrage upside of better prediction 
models enabling them to take stronger market positions (e.g., buy low, sell high), while the consequences of 
a systematic black-swan event are absorbed by Svenska Kraftnät through its frequency-stability obligation, as 
well as by industrial and household consumers, via for instance price spikes during these events, and by the 
BRPs. The bi-nationwide blackout on the Iberian peninsula in 2025 is an example of that risk distribution 
(Entsoe, n.d.). Moreover, we would argue that the consequences cannot be equated with those of a flash 
crash, because when the grid is down, hospitals, transit systems, and water treatments, are all severely affected 
with serious societal consequences. This asymmetry is therefore not merely problematic in a Friedmanian 
economic sense, but from a public-safety point of view.  
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5.2. Implications for Agency Theory: Trust & Corrigibility 

The two-level principal-principal-agent structure that we proposed in section 2.3, is supported in the data, 
but with two refinements that the incumbent model does not anticipate. First, the second principal’s 
relationship to the agent is more latent than hypothesized; several respondents described regulators as 
background actors whose constraints become important only when the firm’s profit maximization runs into 
grid-stability issues. This calls for either incentive policy, or regulation, that ensures that private actors 
cannot employ AI systems that prey on arbitrage opportunities that may cause a higher volatility in the 
end-consumer price. The electricity price has been a pertinent topic since the energy crisis of 2022 
(Energimarknadsinspektionen, 2023), and therefore, this finding should have important policy implications 
for decision-makers in the public sphere. As Respondent 5 observed, many already operate in gray zones 
with respect to current regulation, implying a much needed refinement and enforcement in the way this 
policy is deployed, specifically the REMIT (REMIT II, 2024). Respondent 16 further alluded to “rejecting 
AI altogether” in electricity trading. In none of these accounts is the second principal, the institution, 
discussed as monitoring everyday operational decisions that AI deployment may reshape. 

The second refinement that emerged through the data is that the first principal level is itself stratified. This is 
observed in how some of these firms outsource the responsibility of maintaining a stable trading of 
electricity to a co-owned BRP that carries the responsibility on behalf of the outsourcer. This produces a 
configuration that prior literature on AI in agency relationships has not discussed; a BRP that is 
simultaneously an agent to the trading firm that has delegated authority to it, and principal to the AI it may 
subsequently deploy. Dowding and Taylor (2024)’s framework can for instance not accommodate this 
situation.  

Jensen and Meckling (1976) theorized agency costs around the principal's monitoring expenditure and the 
agent’s bonding expenditure, with the residual loss equaling what remains when neither is fully effective. 
However, in the structure surfaced here, the second principals incur almost no continuous monitoring 
expenditure and relies strongly on the threat of ex-post enforcement to facilitate an alignment between 
principal-principal-agent. The regulator can observe aggregate market outcomes, but will have difficulty 
understanding the agent-level logic that may produce them, for instance a neural network-based agentic AI. 
The same opacity extends to the first principal, for whom continuous monitoring of neural network-based 
systems proves equally difficult to interpret and oversee. This informational asymmetry creates a trust deficit 
that is difficult to resolve through ex-post enforcement alone. Against this, we would argue that, in order to 
build trust across these layers, from the second-level principal down to the private electricity companies that 
operate in the industry, transparency in decision-making is critical. There needs to be documentation that is 
understandable across the layers, that shows how the models have been developed, what parameters they act 
on, what weights they have been given, and contingency mechanisms that allows for corrigibility in case of 
the models making a decision that is counterproductive for the energy system, so as to minimize potential 
grid-stability issues and electricity price volatility. 
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Furthermore, if we juxtapose this situation against Eisenhardt’s (1989) discussion on task programmability, 
one could argue that as long as the corrigibility of an arbitrary AI agent remains high, it follows that the 
programmability is also high, since one possesses the ability to correct and in worst case shut down the agent 
before it makes decisions contrary to the strategy of the firm, or what is deemed to be in the ‘best interest of 
society’. However, given the black-box nature of many of these models, it is still debatable whether one can 
truly program the tasks when one employs an autonomous agent to do one’s bidding. Indeed, our findings 
suggest that corrigibility is not merely desirable but a prerequisite, and while this satisfies Eisenhardt's 
condition of task programmability, it simultaneously exposes a gap in her framework, as AI agents lack the 
subjective moral constraints that traditionally bound human agents.  

For these models to be considered viable in practice, transparency becomes a clear prerequisite, in a twofold 
manner. First, the measures taken to ensure corrigibility in the agents must be clearly documented and made 
available to governing institutions. Second, the operational team that employs these models must gain trust 
in them.  

5.3. Practical Implications: Adoption, Regulation & 
Emerging Offerings 

By shedding light on the potential use of AI agents in the electricity trading market, we identify three 
principal implications concerning technology adoption, regulatory readiness, and emerging market 
offerings. 

Technology adoption. While our findings indicate that current adoption of AI agents within the trading 
function remains comparatively limited relative to adjacent markets such as the financial securities market, 
practitioners broadly anticipate that AI represents the future of electricity trading. The diffusion of this 
technology is expected to follow a steeper trajectory than the historical adoptions upon which the 
innovation diffusion framework rests. That said, fully agentic AI systems are not anticipated in the near 
term, given the inherent barriers to relying entirely on AI to generate reliable and accurate trading strategies. 
Rather, adoption is likely to unfold across two stages: the first transitioning from current ML automation 
towards AI agents operating under strict governance mechanisms, applied primarily to forecasting, bid 
planning, and execution optimization; the second moving towards more agentic systems, contingent on 
developments in adjacent markets and a gradual softening of conservative industry attitudes driven by 
mounting competitive pressure. 

Regulatory readiness. The absence of sector-specific regulation poses a tangible barrier to AI adoption in 
electricity trading. This is illustrated by one participant's account of having to surrender their trading 
algorithm to Nord Pool, highlighting how the prevailing regulatory vacuum leaves firms without clear 
guidance on what is permissible. The broader reluctance among participants to deploy AI more widely 
reflects this uncertainty: while interest exists, the lack of defined boundaries creates a perceived risk that 
outweighs the potential gains. 

31 



Key regulatory development priorities should encompass technical governance functions such as human 
oversight mechanisms and intervention capabilities, clearly defined deployment boundaries, protection of 
operational technology from vulnerabilities introduced through AI-connected IT systems, and mandatory 
mitigation measures that firms must demonstrate prior to deployment. Currently, AI in electricity trading 
falls under several overarching frameworks, namely the EU AI Act, the NIS2 directive, and REMIT II, 
which collectively establish that AI within critical sectors requires comprehensive risk management, 
monitoring, and documentation. While REMIT II, which entered into force in May 2024, marks a 
meaningful step forward by introducing notification obligations and system resilience requirements for 
algorithmic trading, it falls short of providing the operational specificity that market participants need. 
Bridging this gap requires coordinated action across supervisory authorities: Energimarknadsinspektionen 
bears primary responsibility for market integrity and trading compliance, while Svenska Kraftnät holds a 
critical governance role in ensuring that AI systems operating in the balancing market meet the technical and 
operational requirements necessary to maintain grid stability. 

Emerging market offerings. A third implication concerns the supply side of AI agents. Companies that have 
attempted to build AI agents have largely done so internally, yet several respondents anticipated a shift 
towards externally provided solutions, driven by the high research and development costs and competence 
gaps associated with internal development. This shift carries a risk of market convergence, where a small 
number of dominant providers supply similarly designed systems, potentially eroding competitive 
differentiation. To mitigate this, externally provided solutions should remain customizable to each client's 
proprietary data and trading logic. A further consideration is liability: for external provision to scale, 
legislative frameworks must clarify how liability is allocated between service providers and deploying firms. 
Alongside these developments, there is also meaningful potential in explainable AI, that is, systems capable 
of rendering their decision logic transparent, which would directly address one of the most significant 
barriers in this industry, namely the expectation that traders can account for and justify their bidding 
strategies to clients. 
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6. Conclusion 
Given the aforementioned findings and discussion, several conclusions can be drawn regarding how actors in 
the Swedish electricity industry perceive the risks and opportunities of delegating decision-making to agentic 
AI systems. On the opportunity-side, the majority believe that emergent agentic AI technology can imply 
significant efficiency gains, but that the risks are of a character that not only the company employing them 
might suffer, but society at large. Consequently, widespread implementation of agentic AI in the electricity 
industry cannot merely stand on efficiency arguments alone, but instead depends on whether appropriate 
governance mechanisms can be designed to accommodate its risks that are not internalized by its principal; 
the deploying firm.  

This effectively implies that in a principal-A(I)gent relationship, where the agent is constituted by an AI, the 
equation necessitates an additional variable that requires the principal to undertake measures that are 
currently not covered by conventional principal-agent incentive and monitoring mechanisms as previously 
suggested by Eisenhardt (1989). As was evidenced through all but one of the interviewees, companies in the 
Swedish electricity sector are not comfortable with releasing an autonomous AI agent to do its bidding, 
particularly since conventional incentive and monitoring mechanisms cannot be readily applied to an entity 
that does not possess the human qualities - such as self-actualization, career concerns, and risk aversion -  for 
which said anti-agency cost mechanisms have been devised in the past.  

6.1. Limitations 

This study carries three primary interrelated limitations. First, while our conceptual framework draws on the 
Nordic Balancing Philosophy (Entsoe, 2021) and the specific role of Svenska Kraftnät, the study is 
geographically contained to Swedish respondents, leaving the transferability of our regulatory-societal 
principal structure to other European markets with different TSO configurations and regulatory cultures an 
open question, particularly given that Nord Pool participants from Norway, Finland, and Denmark operate 
in the same trading environment but are absent from our sample. Second, data was collected during a 
transitional regulatory moment in which REMIT II had only recently entered into force, the EU AI Act's 
high-risk provisions had not yet fully applied, and no sector-specific AI framework for electricity trading 
existed, meaning that attitudes may shift as enforcement matures. Third, our sample is skewed toward 
private trading actors, leaving the second principal - regulators and TSOs - largely inferred through 
secondary data and the accounts of other respondents rather than directly evidenced. From this latter 
sub-group, only two interviews were obtained. This evidential asymmetry means that the two-level principal 
framework, while analytically motivated, is more thoroughly grounded on the first principal side. The 
second principal's recognition of itself as a principal in the theoretical sense we propose remains to be 
empirically strengthened.  

It is noteworthy that the literature on agentic AI is still emerging, and a number of cited contributions had 
not yet completed peer review at the time of submission, which introduces uncertainty regarding the 
stability of some theoretical claims. 
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6.2. Future Research Agenda 

These limitations point toward three productive directions for future research. As this thesis establishes 
corrigibility as a primarily theoretical structural precondition, empirical work examining how corrigibility is 
operationalized in practice, and whether existing engineering and regulatory approaches meet the standard 
the framework demands, would both validate our contribution and bridge it to the regulation literature. A 
longitudinal study tracking how trust in agentic AI trading systems evolves as the technology matures, and 
how a significant failure event reshapes delegation decisions, would address both the cross-sectional nature 
of this study and the gap in the literature on the consequences of broken trust. Finally, future research could 
directly examine how regulators and TSOs conceptualize their governance role with respect to AI agents, 
and whether they recognize themselves as principals in the theoretical sense we propose, which would 
further validate and enrich the two-level principal framework. 
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8. Appendices 

Appendix A - Interview Sample 

 

Appendix B - Semi-structured interview guide 

Authors’ comments: 

(1) All respondents were initially given an introduction to our master's thesis topic, intended both to clarify 
the scope of our research and to provide context for the questions that followed. We deemed this 
introduction important as we observed early on that some respondents did not distinguish between GPTs 
and SPTs, nor between agentic AI and prompt-required AI. 

(2) All respondents were subsequently asked for consent to have the interview recorded anonymously, 
enabling us to revisit the material and avoid any misinterpretations. All but one respondent agreed to this 
arrangement. 

Category Example Prompts 

Introduction Main: Could you tell us a little about your background and expertise, as well as the 
company you work for? 
 
(Additional) We saw on your website that Company 1 handles all electricity trading 
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functions (BSP/BRP/brokerage) and that this process is automated. Could you tell us a 
little about how you define automated trading? Do you currently use any AI for this? 
 
(Additional) We understand that Company 3 outsources its electricity trading-does this 
apply to both the physical and financial aspects? And do you know how automated 
your partner’s trading processes are? 

Topline Perspective on 
Agentic AI 

What is your view on the use of autonomous agent-based AI instead of humans in the 
electricity trading market? 
 
(Additional)  Does your outsourced trader use agentic AI? How would you feel if they 
did? 

Associated AI 
Opportunities 

What opportunities do you see associated with the use of agent-based AI in the 
electricity market? 

Associated AI Risks What risks do you see associated with the use of agent-based AI in the electricity 
market? 

AI Mitigation Strategies Are you familiar with any risk-mitigation strategies currently used by other market 
participants who incorporate agent-based AI into their trading models? 

AI Liability In the event of a black swan event created by an agentic AI, who bears the 
responsibility? 

(Additional if not 
mentioned before) 
Conservatism Attitude in 
the Electricity Market 

We understand that the electricity market is quite conservative. Given this attitude, how 
do you view the future of agent-based AI?  
 
Have you implemented new technology in the energy sector during your career, and 
how did you go about it? 

(Additional if not 
mentioned before) 
Societal Impact 

Company 8 has a broad repertoire and is partly state-owned. How do you view this 
dilemma, given the social responsibility that one could argue you bear? 

Finishing Thoughts Based on your expertise, is there any aspect we may have overlooked that you might 
know someone who could tell us more about?  

 

 

Appendix C - Empirical Data: Theme Quotes Across 
Market Actor Segments 

Authors’ comments: 
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Below we present quotes from different respondents, each representing one actor segment of our choice: (1) 
Trading Company with BRP, (2) Trading Company with No BRP, (3) Government-owned Enterprise, and 
(4) Consultant (External Perspective) - presented in the same order in table below. The quotes are intended 
to provide a general understanding of our empirical data. It should be noted, however, that many interesting 
quotes have been omitted to mitigate overreliance on, or cherry-picking from, specific interviews. It should 
further be noted that the frequency of citation across respondents is uneven, reflecting variation in interview 
depth and respondent openness Findings attributed to the second principal level rest on a narrower 
evidential base than those pertaining to private trading actors, a limitation discussed further in section 6.1.  
 
Given that respondents 20 and 21 both represent the same organization - the only government-owned 
enterprise in the sample - their accounts are aggregated to represent the institutional perspective. Where their 
statements diverge, both are presented; where they converge or only one respondent addressed a theme, the 
available quote is used to represent the institutional position. 
 

Theme Example Quotes 

Current State of AI Use 
in Swedish Electricity 
Trading 

“We mainly use machine learning, which is what we’ve been doing all these years, so 
what we do is make predictions.” - Respondent 1 
 
“We don’t have one today. We don’t have enough volume in the gas markets to feel that 
we need one. But we are fully aware that it exists, especially when you look at the 
intraday market and the flexible markets. The pace there makes it almost inevitable. 
With weather-dependent production and the speed at which the market moves, it’s an 
inevitable path forward. We would never be able to keep up with human traders alone.” 
- Respondent 16 
 
“It's not people sitting there deciding which bids to choose; it's simply automatic 
algorithms. So it's not AI that's handling it just yet. There is a certain degree of machine 
learning involved in our forecasts.” - Respondent 20 
 
“Today we use fairly advanced systems, perhaps not exactly autonomous genetic 
systems, but we do use AI algorithms, that is, machine learning and AI algorithms in 
various ways to optimize our presence in the supermarket market.” - Respondent 13 

Trust and the Delegation 
Decision 

“We don’t let AI set its own trading rules; instead, we control the rules ourselves but 
actually use big data and machine learning. But I would say that to a fairly high degree, 
it’s us who make the decisions.” - Respondent 1 
 
“I spoke with our compliance officer earlier. She sighed a bit and said, ‘No AI.’ She 
knows it’s coming, but it will be a challenge.” - Respondent 16 
 
“I’m pretty skeptical about fully embracing AI. If you’re a smaller player, there are 
probably big benefits to using AI, but you have to realize that you’re ultimately 
responsible depending on how large your portfolios or trading volumes are, there’s less 
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risk with AI if you’re a smaller player, the opposite is true for larger players.” - 
Respondent 21 
 
“As long as we keep up with technological developments, we’ll realize how little we 
understand and what a bad idea it is to let this type of system control critical 
infrastructure in society. So I believe, and this is just my personal opinion.” - 
Respondent 13 

Monitoring and Control 
Mechanisms 

“What needs to be done is to implement various types of limits, rules, and automatic 
controls that ensure an automated model can never run amok.” – Respondent 1 
 
“It’s a technical issue - what information the AI is allowed to process and how it’s 
trained. In human trading, a lot of it relies on individual responsibility. Otherwise, there 
are system controls: you can’t place orders with excessively large volumes or prices that 
deviate too much. And procedures, as well as traders keeping an eye on each other.” - 
Respondent 16 
 
“AI probably shouldn’t place bids on its own without using screening criteria; include 
the manual component.” - Respondent 21 
 
“You have to maintain a degree of fragmentation, meaning you can’t have portfolios 
that are too large or consist of assets that are too similar or predetermined.” - 
Respondent 13 

Perceived Opportunities 
and Risks 

“With AI, just as you can build an automated event, you can also build automated trade 
monitoring and automated trade control, so you have tremendous opportunities to 
constantly keep track of what’s happening and set these kinds of limits. So I’d say it’s 
more a matter of using AI to identify and suggest possibilities that you can then make a 
qualitative assessment of why it has arisen and sort of take some kind of action.”  - 
Respondent 1 
 
“To keep up with larger players and manage ancillary services and intermittency, you 
have to be able to act at all times. I don’t see any other solution than AI. In a way, this is 
good for the market - imbalances can be managed continuously, not just during extreme 
events.” - Respondent 16 
 
“AI can certainly be a valuable tool, but it shouldn’t replace humans in decision-making, 
especially when it comes to the electricity market. It can make decisions that are hard to 
follow up on. That can have a very significant impact on confidence in the market.” - 
Respondent 21 
 
“If an AI’s objective is to maximize profit - which is different from the objective 
regarding the system as a whole, such as a market participant controlling a sufficiently 
large portfolio or a sufficiently large share of the market - then there would be a 
significant risk that they could act in a way that maximizes profit, for example, by 
withholding capacity to drive up the price.” - Respondent 13 
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The Second Principal: 
Regulatory Scope and 
Societal Stakes 

“This includes both the electricity we sell to customers and the electricity we generate 
ourselves, and we try to balance the overall picture so that our goal is to be as close to 
zero as possible. The only thing we know for sure is that we’ll never be exactly at zero; 
instead, our ambition is to be as close to zero as possible in terms of our balancing 
responsibility.” – Respondent 1 
 
“The EU has a tendency to overregulate. You can’t make it so burdensome that it 
becomes impossible to do business.” – Respondent 16 
 
“(About system imbalances) It’s passed on through all sorts of general fees, so it affects 
society - it doesn’t affect Svenska Kraftnät itself, but ultimately it’s always society that 
ends up paying for it. And we don’t want that. We want operators to be good at 
planning, and then we want them to stick to their plan.” - Respondent 20 
 
“It’s hard to distinguish what’s actually going on, just like perhaps in the financial 
system, where it’s extremely difficult to regulate and manage profit-maximizing 
behavior. So in that regard, Svenska Kraftnät has rules for how they’re allowed to act, 
and they also have to report how they’ve acted and why they act the way they do.” - 
Respondent 13 

 

Appendix D - AI Disclosure 

This thesis made use of several AI tools, including Claude Sonnet 4.6 and Opus 4.7, Gemini 3, 
ChatGPT 5.1, Perplexity Sonar 2, Elicit, ORKG Ask, and SciSpace. These tools were primarily used 
to assist with spelling and grammar, formulation and phrasing, feedback generation, and thematic synthesis 
of findings. For the thematic synthesis, raw interview and survey data were fed into the tools to help identify 
and organize emerging patterns. As described in section 3 (Methodology), AI tools were additionally 
deployed to support systematic screening of academic literature for relevance to the research topic. 

The use of AI contributed to the quality of the thesis in several ways. The tools proved particularly 
efficient when processing large volumes of data, and were valuable for generating constructive feedback, 
rephrasing, smoothing transitions, and maintaining a consistent tone across sections. The greatest benefit 
was realized when the tools were used iteratively as critics and sounding boards rather than as generative 
substitutes for original thinking. 

The key risks identified were data protection and over-reliance. To protect sensitive information, all 
data was anonymized prior to being processed by any AI tool, and no organization-specific information was 
included. To guard against over-reliance, initial drafts were always written independently before AI 
assistance was sought. Outputs were also fact-checked and compared across multiple tools, and prompts 
were designed to include opt-outs to reduce the risk of fabricated or misleading statements. 

The overall insight from this process is that AI works best as a complement to, rather than a 
replacement for, human judgment. Using the tools iteratively as critics and supporters reinforced the 
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importance of human verification in maintaining the academic integrity of the thesis, while demonstrating 
that AI can meaningfully assist with the linguistic, structural, and analytical dimensions of academic 
writing. The irony of using AI to study the risks of delegating decisions to AI was not lost on us, and served 
as a continuous reminder of the principal-agent dynamics central to this thesis. 

Appendix E - Icon Creator Attribution 

 

Creator: BSD, via Flaticon (https://www.flaticon.com/authors/bsd)  

 

Creator: Assia Benkerroum, via Flaticon 
(https://www.flaticon.com/authors/assia-benkerroum) 

 

 

Creator: Culmbio, via Flaticon (https://www.flaticon.com/authors/culmbio)  

 

 

Creator: Berkahicon, via Flaticon (https://www.flaticon.com/authors/berkahicon) 
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