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summary

Floating Storage and Regasification Units (FSRUSs) play a critical role in energy security by providing
flexible LNG import capacity. Operating these vessels efficiently requires daily operational decisions
that balance multiple competing objectives. These decisions rely heavily on tacit expert knowledge:
knowledge that is difficult to articulate or codify. Recent advances in large language models (LLMs)
offer promising opportunities to support this kind of expert-driven decision-making. Before deployment,
however, organisations need a structured method to evaluate whether LLM-generated recommenda-
tions are adequate. No existing framework addresses this: current LLM evaluation approaches either
assess general language quality or assume that domain-specific performance criteria are already de-
fined. In expert-knowledge environments, they are not.

This research addresses that gap by developing an evaluation framework for LLM-based decision-
support in safety-critical operational environments where decision quality depends on expert judgment,
and by applying it to EXMAR'’s FSRU in Eemshaven. The research delivers two things: the evaluation
framework itself, and an operationalised version of it for EXMAR, the evaluation tool, which serves both
as a deliverable and as the test case through which the framework is evaluated.

The framework consists of five phases. First, a suitable operational scenario is selected based on five
requirements: clear improvement potential, frequent occurrence, safety involvement, sufficient struc-
ture, and data availability. The first three ensure the evaluation is valuable and the last two ensure it is
feasible. Second, tacit operator knowledge is elicited through Cognitive Task Analysis and translated it
into two components. First, a decision alignment assessment, measures how closely LLM recommen-
dations reproduce expert decisions using the F1-score and Spearman correlation. Second, a decision
quality assessment, evaluates recommendations against expert-derived criteria, utility functions and
weights that capture what operators consider a good decision. Importantly, these are elicited from
operators’ reflective judgment, rather than from the decisions they make in the moment, which may
be satisficed. This makes decision quality assessed using a Multi-Criteria Decision Making approach
complemented by qualitative reasoning analysis. Third, a benchmark of current operator decision-
making is constructed using the same logic. Because these contexts have no ground truth, meaning
no objectively optimal decision exists, the operator practice is the best available reference. Fourth,
recommendations are then generated by varying prompt design. Fifth, the LLM recommendations are
evaluated with the framework: each passes two gates: factual correctness and safety, before being
assessed on decision quality and alignment. Finally, the interpretations are placed on a 2x2 matrix
that distinguishes recommendations that are adoptable, those that need investigation and those that
should be rejected.

The framework is applied to EXMAR’s FSRU in Eemshaven, using the regasification configuration de-
cision as the operational scenario. This application produces a concrete evaluation tool. Drawing on
interviews with three operators, four criteria are derived: energy efficiency, operational robustness, op-
erational effort and safety, treated as a non-negotiable gate. Each is operationalised into indicators,
utility functions and weights. Benchmark scores of 0.83 and 0.90 confirm that operator decisions are
of high quality and consistent with the satisficing behaviour predicted by Naturalistic Decision Making
research. Evaluating sixteen prompt configurations shows that prompt design significantly influences
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recommendation quality, and that configurations with explicit performance criteria and structured rea-
soning produce scores comparable to or above the benchmark. The qualitative reasoning analysis
identifies six concrete failure modes. The three largest are: stopping at the first feasible option, over-
fitting to the criteria at the expense of safety and a tendency toward overly conservative equipment
loading. These are translated into a concrete prompt improvement and inform a second prompt iter-
ation to evaluate. The clearest result is the elimination of safety violations across all configurations.
Validation across four additional scenario instances confirms that the tool produces consistent and in-
terpretable results, and in one instance an operator revised his own decision after reviewing the LLM
recommendation. This validation concerns only the tool’s robustness and not the framework, which
would require application to other domains.

By applying the framework, this research demonstrates that evaluating LLM-based decision support
in safety-critical expert-knowledge environments is feasible, while also showing where the approach
reaches its limits. The framework was tested on a scenario toward the structured end of the complexity
spectrum; whether it holds for decision problems with fuller operational complexity remains to be es-
tablished. More fundamentally, part of the tacit expert knowledge cannot be captured even in principle,
which bounds how completely any such evaluation can represent expert decision-making. For EXMAR,
the evaluation tool provides a structured starting point for responsible deployment. However, further
development is needed before the framework can support an actual deployment decision.

Whether LLM-based decision support is the right direction for these contexts cannot be answered defini-
tively, but the signs are encouraging. Several configurations match or exceed expert decisions, and
in one case an operator revised his decision after reviewing a recommendation. The limitation and
the promise point the same way: because part of an operator’s knowledge is tacit, an LLM may never
match the operator on those factors. An LLM, however, can improve on factors involving large amounts
of data or many interacting variables that operators handle through experience-based estimation rather
than calculation. The two are therefore better seen as complementary than competing. This suggests
the value of these systems lies in supporting experts, with the operator making the final decision, rather
than in substituting for it.
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Introduction

1.1. Problem formulation

As the global energy system accelerates its shift towards renewable energy, natural gas remains funda-
mental to meeting global energy demands and reducing emissions in the medium term. This is because
electrification can only move so fast and coal still accounts for 30% of the world’s energy consumption
[50]. Natural gas produces only half the carbon dioxide of coal and 70% of oil when burned [50]. This
has contributed to an 80% increase in global gas demand in the past 25 years [50].

At the same time, recent geopolitical events have exposed the vulnerabilities of Europe’s dependence
on single sources of gas sent through pipelines [4]. The recent sharp decline in Russian gas triggered
a major energy crisis [42] which highlighted the need for more flexible and diversified gas imports [4].
In response, this has led to a growing demand for Floating Storage and Regasification Units (FSRUSs)
[4]. FSRUs are floating facilities that store liquefied natural gas (LNG) and convert it back into gas for
delivery to an onshore pipeline system. In addition to delivering the greenest fossil fuels for energy
supply, FSRUs are a faster way to get gas to the grid in comparison to land-based LNG terminals that
take longer to set up [4]. This makes them pivotal for both decarbonization and energy security in
uncertain times.

However, as the energy transition accelerates, an increasing number of European countries are be-
coming hesitant to invest in FSRUs due to concerns about making unnecessary investments [21]. A
recent example is the Cape Ann FSRU in Le Havre, which stood idle for a while because of high oper-
ational costs [29]. As a result, the industry faces increasing pressure to reduce operating expenses to
maintain its critical role in both energy security and energy transition.

In response to these pressures, energy and maritime companies are increasingly exploring ways to
improve operational performance without committing to major new infrastructure investments [31]. Im-
proving performance primarily concerns optimizing operational configurations, formed by decisions
regarding regasification load, boil-off gas handling, and equipment activation. However, these deci-
sions cannot be framed as efficiency optimization alone. Operational decision-making on FSRUs is
multi-actor and, therefore, also multi-objective. Crews' must balance multiple, sometimes competing

"Throughout this thesis, the terms 'crew’ and ’operators’ are used interchangeably to refer to the onboard personnel of the
FSRU
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objectives, such as energy efficiency, safety compliance, equipment usage and other operational con-
siderations. These objectives reflect the concerns of different actors like the safety requirements of
the regulators and the commercial priorities of the operator. It is also not possible to maximise every
attribute simultaneously [39], meaning that trade-offs are unavoidable. Deciding on these trade-offs in
a specific moment is rarely a matter of simple calculation [39]. Furthermore, processes are also closely
interconnected. This makes them hard to grasp in formal models or mathematical calculations because
the whole is greater than the sum of its parts [33]. What makes this even more challenging is that FSRU
operations are safety-critical, meaning that making mistakes can have severe consequences.

The operators, therefore, make these decisions mostly relying on experience and this experience is
partly tacit. Tacit knowledge is a type of knowledge that is learned by doing rather than through written
procedures [33] [35]. Over time, experienced operators internalise complex operational principles, al-
lowing them to function in the background while attention remains on the immediate problem [33]. This
is what enables experienced crews to make decisions quickly. This is traditional in the maritime sector
where decision-making has relied more on intuition than data [31]. While this generally works well, it
becomes less optimal when decisions involve multiple competing objectives, large amounts of data or
uncertainties.

Recent advances in large language models (LLMs) offer promising opportunities to support such compli-
cated, multi-objective decision-making processes. Unlike traditional Al systems that primarily process
numerical inputs, LLMs can interpret unstructured textual documentation [30]. This enables them to
incorporate qualitative data, which is particularly relevant for FSRUs. As decisions here are governed
by that knowledge that experienced operators have acquired over time. By processing both quantita-
tive data and qualitative operational knowledge, LLMs are uniquely positioned to support this kind of
decision-making. However, before such systems can be deployed, their recommendations must first
be evaluated. And in contexts where decision-making depends on tacit expert knowledge, it is not
obvious how to do that. How to evaluate LLM-based decision support in such contexts is the central
issue this thesis addresses.

1.2. Problem statement

Despite the growing interest in LLMs as decision-support tools, their deployment into operational con-
texts raises concerns. Even if LLMs are intended as decision support to human operators, rather than
making decisions autonomously, inaccurate recommendations may still negatively influence operator
judgment and degrade decision quality, with unwanted consequences. In safety-critical systems, such
as FSRUs, wrong decisions can lead to severe consequences such as loss of life, property damage or
environmental damage [47].

To enable responsible adoption, organizations need a way to evaluate whether LLM-generated rec-
ommendations satisfy operational objectives before they can be used in practice. However, as the
following section explains, existing evaluation frameworks are lacking for this purpose and without it,
organizations cannot determine whether the LLM can be implemented.

1.3. Knowledge gap

Frameworks for evaluating LLMs have evolved from assessing general language quality to domain-
specific and task-specific approaches. Task-specific frameworks, such as SafeDrive for autonomous
driving, evaluate LLM outputs against predefined performance criteria for a specific decision task, such
as avoiding accidents [53]. These frameworks assume that performance quality is already defined.
For SafeDrive, a good decision has a clear, predefined measure, namely avoiding an accident, that the
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framework can take as given.

However, in operational environments, this is often not the case. While some individual objectives
might be known, what a good decision is in a specific situation is difficult to capture and codify. This
knowledge is built through experience and held in operator judgment [33], it can be described as "we
know more than we can tell” [35]. This is like a surgeon knowing when to deviate from protocol during
an operation. He cannot write down the rule for when to do so, he just knows. Therefore, before an
evaluation framework can be made, first knowledge from experts must be elicited.

Methods exist for eliciting expert knowledge, such as Cognitive Task analysis [7], and for evaluating de-
cisions in complex operational contexts, such as multi-criteria decision-making frameworks [43]. How-
ever, these were developed to evaluate human decisions, not LLM-generated recommendations.

This leaves a gap: existing LLM evaluation frameworks are not designed for LLM-based decision sup-
port that can take elicited expert knowledge as its input, operating in contexts where decision quality
is not predefined but defined by expert judgment. They do not explain how to derive evaluation cri-
teria from tacit expert knowledge in operational settings. A gap that is particularly consequential in
safety-critical environments, where deploying an inadequate recommendation can have severe conse-
quences.

1.4. Research objective

The objective of this thesis is to design and apply an evaluation framework for LLM-based decision
support in safety-critical operational environments where performance quality depends on the judgment
of experts? and is not easily defined. In this respect, it is not about developing an LLM, but instead about
providing a structured way to evaluate whether LLM-generated recommendations are adequate before
deployment.

This research delivers two things. First, an evaluation framework for LLM-based decision support in
safety-critical contexts. Second, an operationalised version of this framework for EXMAR’s FSRU,
the evaluation tool, constructed from operator knowledge. The FSRU case thereby serves both as a
deliverable and a test case through which the framework is tested and reflected upon.

This leads to the following main research question with subquestions.

How can LLM-based decision support be evaluated for safety-critical operational environments,
where expert knowledge plays a central role, and how can such an evaluation framework be
developed and validated through the case of EXMAR’s FSRU operations?

This main question reflects the two final deliverables presented in the research objective, fills the knowl-
edge gap identified in the previous section, and provides a basis for responsible deployment introduced
in the problem statement. The subquestions below each form a step toward answering it.

Before proceeding, two terms in this question require clarification. First, safety-critical operational envi-
ronments refers to contexts where incorrect decisions can lead to severe consequences. The EXMAR
FSRU is one such context, as are maritime operations, aviation, and industrial process control. Second,
expert knowledge refers to the knowledge that experienced operators use when making operational de-
cisions. This includes both formally documented knowledge and knowledge that is not written down
anywhere. The latter is commonly referred to as tacit knowledge.

2Throughout this thesis, 'experts’ refers to people with relevant practical experience. In the EXMAR context specifically, this
refers to the onboard operators of the FSRU
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Subquestion 1 : What requirements should a safety-critical operational decision scenario meet to
be suitable for the application and evaluation of LLM-based decision support, and which scenario in
EXMAR'’s FSRU operations satisfies these requirements?

Before evaluating LLM-based decision support, a suitable operational scenario must first be identified.
This subquestion, therefore, establishes the starting point of the framework by defining what require-
ments a scenario or task must satisfy. And identifying which decision in EXMAR’s FSRU operations
meets them.

Subquestion 2 : How does expert knowledge translate into an evaluation framework and benchmark
for assessing LLM-based decision support in safety-critical operational contexts, and how to opera-
tionalise this framework for EXMAR’s FSRU?

Once a suitable scenario is identified, the core of the framework can be built. This subquestion ad-
dresses how that difficult to define expert knowledge is translated into a structured evaluation frame-
work, and how current operator decisions are captured as a benchmark. These steps are then also
operationalised for the FSRU scenario. Together, the framework and benchmark form the basis against
which LLM-generated recommendations are later assessed.

Subquestion 3 : How should the input of the LLM be structured to generate decision recommendations
for the selected scenario?

With the evaluation framework and benchmark in place, the LLM must be given the right input to gen-
erate recommendations that can actually be evaluated. This subquestion addresses how the decision
problem should be presented to the LLM to produce recommendations for the selected scenario of EX-
MAR. This forms the application step that makes evaluation and reflection on the framework possible.

Subquestion 4 : How does the LLM-based decision support perform on the selected scenario when
evaluated with the framework and what does it reveal about the framework’s ability to support deploy-
ment decisions?

The final subquestion brings everything together. The recommendations generated in subquestion 3
are evaluated using the framework developed in subquestion 2 and compared against the benchmark.
This not only reveals how well the LLM performs in the operational scenario of EXMAR, from subques-
tion 1, but also tests whether the framework can serve as a basis for responsible deployment decisions.
This is the ultimate goal of this research.

1.5. Scientific and societal relevance

From a scientific perspective, this research addresses a gap in the LLM evaluation literature. Existing
frameworks either assess general language quality or assume that domain-specific performance criteria
are already formalized. Neither is applicable for operational environments where decision quality is not
easily defined and depends on expert judgment. By developing an evaluation framework that extracts
this knowledge from experts and uses it to evaluate LLM-based decision support, this research extends
the application of task-specific LLM evaluation to expert-knowledge contexts.

From a societal perspective, this research contributes to the responsible deployment of LLMs in oper-
ational industries. It gives organisations a way to evaluate whether LLM-generated recommendations
satisfy operational objectives before deploying them, which helps prevent unintended consequences.
This is especially important in safety-critical operational environments. While the framework is devel-
oped and applied to EXMAR’s FSRU operations, it is intended to apply to other safety-critical opera-
tional contexts where decisions are shaped by expert knowledge. It is worth noting, however, that this
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framework addresses operational performance exclusively. To get a complete evaluation framework, it
should be used in combination with existing frameworks, such as general language quality and process
frameworks.

Evaluation in these contexts is also relevant from a regulatory perspective. The EU Al Act places Al
acting as a safety component in the supply of gas and other critical infrastructure in the "high-risk” sys-
tems category [11]. Whether an LLM supporting FSRU operational decisions falls within this category is
not entirely clear. Either way, the regulation specifies that such systems must be evaluated before de-
ployment. By providing a structured way to assess whether LLM recommendations are adequate, this
research contributes a first step toward the kind of pre-deployment evidence that responsible adoption,
and, increasingly, regulatory expectation, will require, informing not only the companies but also the
public authorities who must decide whether such systems may be used in critical public infrastructure.

For EXMAR specifically, the evaluation tool enables a first step toward responsible deployment of LLM-
based decision support on the FSRU. Once deployed, improved operational decisions could lead to
several benefits such as lower operational costs, better operational performance and lower emissions.
This is not something that is achieved yet, but this research creates the foundation for it to happen. In
that way, it also contributes to the broader energy security role that FSRUs play.

1.6. Reader's guide

The remainder of this thesis is structured as follows. Chapter 2 provides the background needed to un-
derstand the case study, introducing Floating Storage and Regasification Units and the specific context
of the EXMAR FSRU. Chapter 3 reviews the state-of-the-art across two bodies of literature: decision-
making in operational environments and LLM evaluation. It concludes by identifying the research gap
that this thesis addresses.

Chapter 4 presents the research methodology, structured around the four subquestions. Chapter 5
then presents the resulting evaluation framework, structured into five phases. This framework is the
first deliverable of the research.

Chapter 6 and 7 apply the framework to the EXMAR case, which together form the second deliverable.
Chapter 8 then validates the evaluation tool across additional scenario instances.

Finally, Chapter 9 reflects on both the framework and the evaluation tool for EXMAR. Chapter 10 con-
cludes the thesis by answering the main research question.



Background

As mentioned in the introduction, this research uses the case study of the Eemshaven FSRU operated
by EXMAR. Because this is a specialised operational context, this chapter provides the background
necessary to understand it. section 2.1 introduces what Floating Storage and Regasification Units are
and how they work. section 2.2 then describes the specific case study of the Eemshaven FSRU.

2.1. Floating Storage and Regasification Unit (FSRU)

Floating Storage and Regasification Units are floating facilities that store liquefied natural gas and
convert it back into gaseous form for delivery to an onshore pipeline system. FSRUs initially emerged
as vessels that would process their LNG cargo between their supply source and market destination.
However, this mobile operating model was soon replaced due to inefficiency. Today, FSRUs mainly
remain fixed at gas-delivery locations, providing continuously available LNG stock for regasification
and being supplied by periodic deliveries from other LNGCs [49].

In 2005 the first FSRU was commissioned and by 2015 already 18 FSRUs were operational [49]. This
trend has continued up to 2024, when over 45 vessels were operational, with further growth expected
[28]. The reason for this rapid growth is a key advantage of FSRUs over land-based LNG terminals,
namely their speed and cost of deployment [49]. An FSRU can be built within two years, compared
to four years for an equivalent land-based facility [49]. This flexibility and low investment has made
them attractive to countries looking to diversify their gas supply, which has become a priority due to
geopolitical disruptions in recent years. However, FSRUs are more expensive to operate; typically
costing two to three times more per unit of capacity than a conventional LNG carrier in charter day
rates [49]. They are also more complex to operate and optimize in terms of performance and, therefore,
require greater expertise [49].

These cost and complexity characteristics mean that improving operational efficiency is a continuous
priority. Optimizing performance requires finding safe and economically effective ways to conduct on-
board operations [49]. At the same time, tightening international emissions regulations are placing
additional pressure on FSRUs to reduce their environmental footprint [49].
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2.1.1. Regasification process

The core function of an FSRU is regasification, meaning converting LNG back into natural gas. As
shown in Figure 2.1, the process begins when LNG is transferred to the FSRU by ship-to-ship transfers,
using loading arms or flexible hoses [49]. The LNG is loaded into storage tanks. From the tank, the LNG
is pumped by tank pumps and transferred to the high-pressure pumps, which pressurize the LNG to
pipeline delivery pressure. The pressurized LNG then flows through vaporizers, where heat is applied
to convert it from liquid to gas. The resulting natural gas is then delivered to the onshore pipeline.

The heat required for vaporization can be supplied in three ways. An open-loop system, a closed-loop
system and a hybrid system. In an open-loop system, seawater is used as the heat source. This is
energy-efficient, but requires seawater temperatures above approximately 14 °C [49]. In a closed-loop
system, heat is supplied through a separate heated fluid circuit, typically glycol water, which is heated by
boilers. This requires a significant amount of external energy. Another possibility is the hybrid system,
where a small amount of heat can be extracted from the seawater, when seawater is approximately
between 9 °C and 14 °C. The rest of the heat is supplied by the boilers [45].

BOG 4&—1
.

2.2. FSRU Eemshaven

The FSRU Eemshaven is operated by EXMAR and is moored at the EemsEnergy Terminal in Eemshaven,
the Netherlands, shown in Figure 2.2. The geopolitical disruptions of early 2022, which sharply reduced
Russian gas flows to Europe, triggered efforts across the continent to secure alternative gas supplies
[45]. In response, Gasunie, a Dutch state-owned gas infrastructure company, chartered two FSRUs
for the EemsEnergy Terminal to supplement domestic gas supply. With these two FSRUs, the Nether-
lands is able to import 8 billion normal cubic meter of natural gas per year [45]. The European gas grid
is interconnected hence other European countries also benefit from this additional LNG import capacity
[45].

Fresh
Water

Recondenser b

LNG Sendout Pump

Gas to
Customer

Figure 2.1: FSRU flow scheme [45]

At full capacity, the vessel can supply approximately 20% of Dutch natural gas consumption, making
it a critical piece of national energy infrastructure [45]. The vessel has a nominal send-out capacity of
400 million standard cubic feet per day (MMSCFD) and a peak capacity of 600 MMSCFD [45].
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Figure 2.2: EemsEnergy Terminal with 2 FSRUs. EXMAR FSRU on the left [14].



State-of-the-art

As introduced in chapter 1, this research sits at the intersection of two bodies of literature: decision-
making and LLM evaluation. This chapter reviews both to establish a theoretical foundation on which
the methodology chapter 4 is based. First, theories are examined on how operational decisions are
made and evaluated, then how LLMs are used and evaluated as decision-support tools. Finally, the
research gap that is addressed in this research is elaborated upon.

3.1. Decision-making in operational environments

Operational environments are the settings in which industrial systems are run on a day-to-day basis,
such as power plants, chemical processes, aviation and maritime operations [34]. The decisions made
in these environments are operational decisions: recurring choices about how to run the system, such
as how to configure equipment, allocate resources or respond to changing conditions. Unlike strategic
decisions, which are made infrequently and shape long-term direction, operational decisions are made
routinely and under the constraints of the live system.

3.1.1. Decision characteristics

Operational decision-making in industrial environments often takes place within complicated systems.
These systems are characterized by tight coupling and interactive complexity, which means that the
components are highly interdependent and a change in one part of the system rapidly affects others
[34]. This is particularly consequential in safety-critical environments, where operational failures can
result in harm to personnel, environmental damage, or significant economic loss.

What makes these decisions even more challenging is their multi-objective nature. Industrial opera-
tions involve multiple stakeholders with diverging priorities. Investors want to optimize profit, engineers
focus on yield and controllability, workers prioritize safety and governments are concerned with the
environmental impact [6]. So, the objectives are diverse and sometimes conflicting with each other.
This means that trade-offs must be made between conflicting goals.

A further complicating factor is uncertainty. Operational decisions must often be made before the full
consequences are known or with incomplete information and time pressure [34].
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3.1.2. Decision research

Understanding how decisions are made in operational environments requires moving beyond normative
models of rational choice. Naturalistic Decision Making (NDM) emerged in the late 1980s as a research
approach that shifted focus from controlled laboratory experiments and mathematical models to the
study of how people make decisions in real-world settings characterized by high stakes, time pressure
and uncertainty [25].

A central finding of NDM is the prominent role of experience, identified by Klein [25]. Rather than gen-
erating and comparing large sets of alternatives, experienced decision-makers draw on accumulated
experience to rapidly recognize a situation as familiar and identify a typical course of action [25]. A
recurring observation in NDM fieldwork is that experts struggle to explain their own decisions, they can
describe what they did, but not always why [25]. This is also known as tacit knowledge: knowledge
that is developed through experience, but resistant to explicit articulation [33]. Often explained by "we
know more than we can tell” [33]. Therefore, documenting or codifying this knowledge is very difficult.

The recognition-based approach described above is remarkably effective when operators are highly
experienced and conditions fall within the range of familiar patterns. However, it becomes less reliable
when decisions involve unfamiliar configurations, as it can introduce systematic blind spots. Operators
may anchor on familiar solutions even when the situation calls for a different approach [37]. This
process is also known as satisficing, when experts look for the first workable option instead of the
objectively best option [25].

3.2. Evaluating decisions

Decision quality has been extensively examined in the literature. An overall key insight is that the
quality of a decision can never be judged only on its realized outcome. Howard [19] and other authors
state that a well-reasoned decision may still lead to an unfavorable result due to chance and vice versa.
Consequently, decision quality is typically evaluated based on the decision process and the information
available at the time the decision is made, rather than only outcomes alone.

Classical decision theory defines a good decision as one that maximizes expected utility given the
objectives and uncertainty [40]. The term "expected” is of importance here as it emphasizes the ex-
ante rationality. The decision should be optimal based on the available evidence prior to the realization
of uncertainty.

In real-world settings, however, decision problems rarely have a single objective. Instead, they have
multiple, potentially conflicting goals that must be balanced. Such contexts require structured ap-
proaches that can address these trade-offs. Multi-criteria decision-making (MCDM) provides a struc-
tured framework for this purpose [43]. Within MCDM, objectives are translated into specific and mea-
surable criteria that represent the expected performance of each alternative across the dimensions that
matter. A key feature of the framework is the assignment of weights to criteria to reflect their relative im-
portance, enabling explicit comparison across alternatives and making trade-offs between competing
objectives transparent and systematic.

This is straightforward when performance criteria are formally documented. The challenge arises pre-
cisely in the operational environments, described in section 3.1., where decisions rely on expert knowl-
edge that is difficult to codify.
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3.2.1. Cognitive Task Analysis

Cognitive Task Analysis (CTA) is a family of methods developed within the NDM tradition to elicit the
implicit knowledge that experts use when making decisions in operational environments [25]. CTA
focuses on what people know and how they think; the goals, cues, expectations and judgments that
underlie expert performance but are rarely articulated explicitly.

The most widely used CTA method in operational contexts is the Critical Decision Method (CDM), which
uses structured retrospective interviews around specific incidents to surface the cognitive processes
behind decisions [25]. Participants are asked to recall a concrete situation and are then probed system-
atically: what cues did they notice, what options did they consider, what made the situation difficult. This
probing reliably surfaces knowledge that experts hold but would not spontaneously describe, precisely
because it is so deeply embedded in their experience that it feels obvious to them.

CTA has been applied across domains including aviation, medicine, military command and industrial
operations. This makes CTA particularly valuable for constructing evaluation frameworks in contexts
where performance criteria exist only in expert judgment.

3.3. Al and LLM-based decision support in operational contexts
There is a growing interest in artificial intelligence as a tool to support operators in operational contexts.
This is made possible by increasing data availability and advances in machine learning [31]. Al sys-
tems now offer the potential to process larger amounts of information more systematically than human
operators can alone [9].

Alternative approaches such as quantitative optimization or simulation are well suited for optimizing
well-defined objectives, but less appropriate for safety reasoning and procedural constraints [26]. This
motivates the exploration of LLMs as decision-support tools in safety-critical operational contexts.

Traditional Al systems in operational contexts, however, are largely designed to process structured nu-
merical data. They perform well when the decision problem can be fully specified in quantitative terms,
but struggle when relevant information is qualitative, contextual, or embedded in natural language [23].
This is a significant limitation in operational environments, where much of the knowledge that shapes
good decision-making is not numerical but experiential and procedural [23].

Large language models represent a qualitatively different kind of Al capability. Unlike traditional sys-
tems, LLMs can interpret unstructured textual information [9], enabling them to incorporate qualitative
context that conventional Al approaches cannot easily handle [30]. This makes them particularly in-
teresting as decision-support tools in domains where decisions depend not only on numerical inputs
but also on procedural constraints, operational experience, and multi-objective trade-offs expressed in
natural language [9]. Eigner [9] further shows that LLM-assisted decision-making can improve decision
quality, reduce cognitive load, and support operators in navigating trade-offs.

At the same time, deploying LLMs in operational contexts introduces risks. First, LLMs are known to
produce outputs that are linguistically fluent and superficially plausible but factually incorrect or contex-
tually inappropriate, commonly referred to as hallucination [23]. In operational contexts where recom-
mendations may influence consequential decisions, such errors carry real risk. Second, a further risk
identified by Eigner (2024) is overreliance and bias, where operators accept recommendations without
sufficient critical evaluation, effectively delegating judgment rather than using the tool as support [9] .

Together, these risks mean that deploying LLMs in operational contexts without structured evaluation is
not responsible. The question is, therefore, not only whether LLMs can support operational decisions,
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but whether their recommendations are good enough to do so safely, and how that can be determined.

3.4. Evaluating LLM-based decision support

The evaluation of LLMs has evolved significantly as their applications have expanded. Early LLM eval-
uation focused primarily on general-purpose capabilities, assessing performance across standardized
natural language processing (NLP) tasks, such as consistency, precision, completeness, natural lan-
guage consistency, toxicity and bias [24]. While these frameworks provide a useful foundation for
assessing performance, they focus on LLMs as text-generating systems. However, a recommendation
may be linguistically coherent and factually plausible, yet still be suboptimal or inefficient.

This limitation has been recognized in more recent research, such as the article of Dokas [8], who
argues that while these offer valuable insights into the overall performance of LLMs, they fail to ade-
quately evaluate specific skills and knowledge in certain domains. Similarly, Trusnov et al. [44] stress
that evaluation for enterprise adoption requires careful selection of metrics aligned with specific appli-
cation domains . Sun et al. [41] operationalize this through LalaEval, a framework for evaluating LLMs
on domain-specific knowledge. Consequently, recent research has begun to operationalise domain-
specific evaluation criteria. These approaches evaluate whether model recommendations perform ad-
equately within the constraints of a given domain. Together, these contributions reflect a broader shift in
the field from evaluating LLMs as general-purpose systems toward evaluating them as domain-specific
tools.

Within domain-specific evaluation, task-level approaches have emerged that assess whether an LLM
can successfully support particular decision tasks. Zhou et al. [53] developed the SafeDrive framework
for autonomous driving, evaluating LLM-based decision-making through two primary metrics: a safety
rate capturing whether the system takes appropriate measures to avoid accidents, and a decision
alignment metric measuring how closely LLM recommendations reproduce expert human behaviour.
This represents a meaningful advance, moving from evaluating domain knowledge toward evaluating
the quality of LLM outputs for a specific task. A similar task-level approach is taken by Vrdoljak et al.
[46], who evaluate LLMs as decision-support tools in emergency internal medicine.

3.5. Research gap

The sections above have established three things. First, operational decisions in industrial environ-
ments are multi-objective, made under uncertainty, and shaped by expert knowledge that is difficult
to codify. Second, LLMs offer potential as decision-support tools in such environments, but their de-
ployment introduces risks that make evaluation essential. And third, LLM evaluation has evolved from
general language assessment toward task-specific approaches.

However, a precise gap remains. Existing task-specific frameworks assume that performance criteria
are predefined or formally derivable. For example, SafeDrive draws formal safety standards; Vrdoljak
et al. [46] rely on established clinical guidelines to define what constitutes a good recommendation.
This assumption does not hold in operational environments where decision quality depends on expert
knowledge and no ground truth exists. Before an evaluation framework can be applied in such contexts,
it must first be constructed by eliciting that knowledge from experts. This is absent from existing LLM
evaluation approaches.

Methods for eliciting tacit expert knowledge do exist, such as Cognitive Task Analysis, and MCDM
provides the structured basis for translating it into measurable criteria. But these were developed to
evaluate human decisions, not LLM-generated recommendations. What is missing is an evaluation
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framework designed for this kind of input: one that can evaluate LLM recommendations against criteria
derived from expert judgment, in tacit-knowledge contexts where ground truth does not exist.

This thesis addresses that gap directly by developing an evaluation framework for LLM-based decision
support in operational environments where decision quality is defined by expert knowledge, with par-
ticular attention to safety-critical operational environments where the consequences of deploying an
inadequate recommendation are most severe. The framework is the contribution, which is tested with
the EXMAR case through which it is operationalised, evaluated, and reflected upon. This leads to the
following research question:

How can LLM-based decision support be evaluated for safety-critical operational environments,
where expert knowledge plays a central role, and how can such an evaluation framework be
developed and validated through the case of EXMAR’s FSRU operations?



Research Methodology

In this chapter, the methodology is explained that is used to design the evaluation framework for LLM-
based decision support and apply it to the EXMAR case. The methodological choices made in the re-
search are explained here. The results that follow from this methodology are the evaluation framework
in chapter 5 and the operationalised and applied framework for EXMAR in chapter 6 and chapter 7.

The chapter starts with explaining the overall research design. Then it is followed by a structure us-
ing the subquestions presented in chapter 1. Each subquestion builds upon the previous one and
contributes to answering the main research question: How can LLM-based decision support be
evaluated for safety-critical operational environments, where expert knowledge plays a central
role, and how can such an evaluation framework be developed and validated through the case
of EXMAR’s FSRU operations?

4.1. Research Design

As explained in chapter 1, the objective of this research is to design an evaluation framework for con-
texts that rely on expert judgment and to test the framework on the FSRU case of EXMAR. The knowl-
edge gap, explained in chapter 3, has shown that there are methods to acquire expert knowledge and
evaluate task-specific LLMs. However, there is a gap between these two. To address this gap and
the research objective, this research takes an interdisciplinary, mixed-method and case-based design
approach.

This interdisciplinary approach refers to the use of methods from both research fields to form the
methodology used in this thesis. This is done to examine whether these two fields can be brought
together. Methods from expert knowledge elicitation as well as methods from LLM evaluation are com-
bined: the method first elicits expert knowledge and then evaluates the LLM against it. This is driven
by the fact that in these contexts there is no ground truth. This means that there is no objectively
optimal configuration to evaluate against, which rules out the obvious evaluation strategies. The LLM
recommendations cannot be compared to a correct answer, because none exists. The only available
reference is expert judgment itself, which is why the method elicits that judgment and evaluates against
it.

A mixed-method approach is used, as qualitative and quantitative data are combined. This combination

14
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comes from the fact that decision quality is shaped by numerical and quantitative indicators but also by
expert judgment and preferences that are qualitative [1].

The study follows a case-based approach, using EXMAR’s FSRU in Eemshaven as the case study.
This enables the evaluation framework to be operationalised and evaluated in a real-world context.
The EXMAR FSRU therefore serves two roles, as explained before. The operationalized evaluation
forms a context-specific evaluation tool and serves as the test case through which the framework is
assessed.

4.1.1. Alternatives

The choice to elicit expert knowledge and translate it into an evaluation framework, as shown by the
interdisciplinary approach, is deliberate. An alternative approach is to use expert evaluation only. How-
ever, using this method, operators need to evaluate LLM recommendations and this method does not
scale. It also remains subjective and non-reproducible.

Another approach is simulation-based testing, where a model is used to assess LLM recommendations.
However, this requires a fully specified model of the system, which does not exist in complex expert-
knowledge contexts. A simulation can test whether an LLM is physically feasible, but it cannot evaluate
whether a recommendation reflects operational judgment.

4.2. RQl: Requirements for scenario

The first step is what requirements a scenario must satisfy to be suitable for evaluation by the framework
and corresponds to the first subquestion: What requirements should a safety-critical operational
decision scenario meet to be suitable for the application and evaluation of LLM-based decision
support, and which scenario in EXMAR’s FSRU operations satisfies these requirements?

Before any evaluation can take place, the decision context must first be defined. This is consistent
with task and domain-specific evaluation methods. In LalaEval, this is referred to as the "domain spec-
ification” step [41]. In that framework, they define a broad domain for general questions, while this
research focuses on a scenario with a specific decision task. This is an important first step because
the scenario as it defines the decision context to which LLM-based decision support is applied and
evaluated, determines all subsequent phases.

This contributes to the main research question by ensuring that the research is based on a suitable
operational context. Not all decisions are equally suitable for LLM-based decision support. To deter-
mine this suitable operational context, several requirements are set. These requirements follow from
two considerations. The first three requirements ensure that LLM-based decision support is valuable
and necessary, drawing on the characteristics of operational decision-making in chapter 3. The last
two requirements are needed to ensure that the application of the evaluation framework is feasible.

1. There must be a clear issue or improvement potential. Without it, there is no value in introducing
decision support. As identified in chapter 3, in contexts where operators rely on experience this
can be found in situations where multiple conflicting objectives must be balanced or when the
decision requires processing large amounts of information. These complexities can increase the
possibility of experts satisficing their decision-making.

2. It must be a relatively frequent decision in practice. Frequent decisions are more relevant from an
operational perspective, but they also make it more likely that historical examples and operator
experience are available.
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3. Risks or safety aspects must be involved. In safety-critical operational environments, wrong rec-
ommendations can lead to severe consequences, which are precisely the contexts where evalu-
ation is most necessary before deployment. The scenario should therefore involve trade-offs that
could affect safety.

4. It should be sufficiently structured to allow LLM-based support. This means that the decision
should have a clear objective, inputs and a set of possible outputs. It might be necessary to
make simplifications to keep the scenario manageable and structured.

5. Historical data must be available. Including the input of the decision, the crew decision and
observed outcomes. These data are needed in later phases to construct a benchmark of current
operator decision-making practices.

The outcome of this phase is the selection of a suitable operational scenario that satisfies the above
requirements. To represent this in a structured way, a decision information card is made to describe
the objective, system boundary, decision variables, expected outputs and assumptions.

4.2.1. Method

Identifying a scenario that satisfies the requirements above should be based on discussions with two
groups: experts that have the operational knowledge and organizational stakeholders involved in the
LLM implementation. The latter ensures that candidate scenarios are relevant from an organizational
perspective. The experts provide insight into the operational reality of candidate scenarios. Together,
these discussions are guided by the five requirements above, progressively narrowing the set of can-
didate scenarios to one suitable decision context.

For EXMAR, the operational scenario is based on meetings with both office-based experts and FSRU
operators of EXMAR. Initial meetings with office experts focus on identifying candidate decision prob-
lems. The main requirements focused on in these meetings are the first, second and fifth. Next, meet-
ings with operators are used to gain more detailed insight into the candidate scenarios. This allows
the evaluation of the candidate scenarios against the third and fourth requirements, which eventually
leads to the selection of one scenario.

4.3. SQ2: Evaluation framework and benchmark

The second subquestion concerns the core of the research: how expert knowledge is turned into a way
of evaluating LLM-based decision support, and how current operator practice is captured as a reference
point. This is represented by the second subquestion: How does expert knowledge translate into
an evaluation framework and benchmark for assessing LLM-based decision support in safety-
critical operational contexts, and how to operationalise this framework for EXMAR’s FSRU?

Answering this question requires a set of choices, addressed in turn. The first is the evaluation design:
what a recommendation should be assessed on. This involves deciding which conditions a recommen-
dation must satisfy before it can be evaluated at all, and on which dimensions it should then be judged.
The reasoning behind each of these choices is discussed below.

The second is the method for each element: how each is assessed once the design is set. This in turn
determines what knowledge must be elicited from experts.

The third is the benchmark: how current operator decision-making is captured so that LLM recommen-
dations can be judged against what operators actually do, not against each other.
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4.3.1. Entry conditions

The first question is whether there are conditions a recommendation must satisfy before it is worth
assessing at all. Two such conditions apply. A recommendation must pass them because a failure
cannot be compensated by good performance elsewhere.

Factual correctness The first condition is made because of a known risk of LLMs, namely hallucination.
This is when the LLM generates outputs that are linguistically plausible but factually incorrect [23].
This condition checks if the recommendation of the LLM does not contain any hallucinated elements.
Otherwise this recommendation cannot be further evaluated and must be rejected. This can be done
by using a qualitative check.

Safety The second condition checks whether the recommendation violates any operational safety con-
straint. Safety is treated as non-negotiable because the consequences of safety violations in safety-
critical operational environments are severe.

Together, the two form the entry conditions of the evaluation: only recommendations that pass both are
evaluated further.

4.3.2. Decision alignment and quality

Once these entry conditions are defined, the next question is what surviving recommendations should
be assessed on. The choice made here is to assess both how closely a recommendation aligns with
expert decisions and how good it is in its own right; this requires justification.

A first approach could be to only compare LLM recommendations to expert decisions. This is consis-
tent with existing evaluation frameworks such as LalaEval [41], which uses expert-filled rubrics as the
reference for evaluating LLM outputs. However, this would not work in operational contexts that rely on
this expert judgment. Research in Naturalistic Decision Making has shown that experienced operators
rely on recognition-based reasoning that leads to satisficing: selecting the first workable option rather
than the objectively best one [25]. This is precisely why alignment in another context alone might
be sufficient, but not in this one. Evaluating LLM recommendations against expert decisions alone
would therefore risk treating suboptimal decisions as the gold standard, making it impossible to iden-
tify cases where the LLM could improve on current practice. SafeDrive [53] explicitly documented this
phenomenon in autonomous driving, where their model intentionally diverged from human decisions
because human drivers consistently prioritized short-term efficiency over maximum safety. They char-
acterized this as a ’safety-positive’ divergence, where the LLM’s recommendations were superior to
the human benchmark [53]. This confirms that in contexts where expert decisions cannot be assumed
optimal, alignment alone is an insufficient evaluation standard. This motivates assessing decision qual-
ity separately. It should be acknowledged that quality is not a fully expert-independent standard either:
as the next sections show, it is built from criteria that are themselves elicited from experts. But its
independence is of a specific kind: it compares the LLM not to a single decision an expert made in the
moment, which satisficing may render suboptimal, but to the standards experts hold on reflection.

A second approach could be to evaluate only decision quality. However, research on LLM deploy-
ment in operational contexts has shown that operator trust and recognizability of recommendations are
critical conditions for adoption [9]. A recommendation that scores well on performance criteria but di-
verges fundamentally from how operators reason may be rejected in practice, regardless of its quality.
Alignment therefore provides information that quality scores alone cannot.

Together, the two components provide a complete picture. Alignment reveals whether the LLM reasons
in a way recognizable to operators; quality reveals whether its recommendations are operationally
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sound. This means that alignment of an LLM recommendation to an expert decision does not mean
that the recommendation is of high-quality’. Therefore, a recommendation that aligns with the expert
decision can still perform poorly in decision quality or vice versa.

4.3.3. Decision alignment with experts
The first component compares LLM-generated recommendations with expert decisions. The objective
is to assess the degree to which the LLM aligns with operator decisions.

Measuring alignment in an operational decision context is not straightforward. A decision problem often
involves multiple variables, which leaves room for comparison at different levels. Two approaches that
are often used are to assess alignment between LLMs and humans; are at the level of the overall
decision strategy or at the level of the individual variables. Both levels reveal different aspects of
alignment and both have their own limitations. For this reason, both approaches are used.

The first approach assesses alignment at the overall decision strategy level by classifying decisions into
categories and measuring with the F1-score whether the LLM reproduces the same category as the
expert. This provides a high-level view of whether the LLM’s overall decision strategy matches that of
the operator. The second approach assesses alignment at the variable level by directly comparing the
decision variables between the LLM and the expert. This provides a finer-grained view that identifies
where the LLM diverges from expert judgment with the Spearman correlation.

Apart from the chosen metrics, other metrics have been considered as well.

Traditional alignment metrics are BLEU and ROUGE. They measure textual overlap between generated
outputs and reference texts [27]. This is not applicable here as alignment needs to be assessed on
decision variables rather than complete texts.

A simpler alternative to the F1-score would be accuracy. Accuracy measures the proportion of cor-
rectly classified decisions out of the total. However, in imbalanced category distributions, accuracy is
dominated by the majority class [13]. As is explained later, the F1-score balances precision and recall
across categories [13] which makes it more preferable.

Cohen’s kappa is another alignment metric commonly used for categorical agreement, offering a chance-
corrected complement to the F1-score. It is not adopted here because it measures agreement on the
same categorical classification as the F1-score and is therefore largely redundant with it.

An alternative to Spearman, is the Pearson correlation. However, Pearson assumes a linear relation-
ship between variables [27]. This does not hold for ordinal decision variables. Spearman is therefore
more appropriate for this context.

4.3.4. Method
Category-based alignment: F1-score

To assess alignment between decision strategies, first decisions are grouped into categories, which
depend on the chosen scenario. Second, each LLM recommendation and expert decision is assigned
to a category. Third, the alignment is calculated using precision, recall and the F1-score. These metrics
are commonly used in Al evaluation to assess performance [13]. Precision shows how often a category
predicted by the LLM matches the category selected by the expert [22]. Recall indicates how often
the LLM correctly identifies a category that was selected by the expert [22]. The F1-score combines
precision and recall into a single metric [13]. The formulas are given below.

"high-quality is understood as a high score on decision quality, explained in the next section
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. TP
Precision = TP+ FP (4.1)
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A true positive (T'P) corresponds to a case where the LLM assigns the same category as the expert.
A false positive (F'P) occurs when the LLM assigns an incorrect category, and a false negative (F'N)
represents a case where the expert category is not correctly predicted by the LLM. A high F1-score
therefore indicates that the LLM frequently reproduces the same strategic decision type as the expert.
The metrics are summarized in Table 4.1.

Metric Description

Precision Fraction of LLM categories that match expert category
Recall Fraction of expert categories that are correctly identified by LLM
F1-score Combined measure of precision and recall

Table 4.1: Decision alignment metrics

If a decision only has one decision variable, the F1-score alone captures the main dimension of align-
ment. However, because it is a classification metric, it treats all misclassifications as equally wrong
regardless of how wrong [38]. It does not differentiate between a small and a large difference. A
second limitation arises if a decision has multiple decision variables. The F1-score aggregates those
into one category. Both limitations motivate the second alignment approach, which is sensitive to the
magnitude of deviations and operates on the individual decision variables.

Variable-level alignment: Spearman correlation

The second alignment approach assesses alignment directly on the individual decision variables. This
preserves more of the decision structure and allows identification of where the LLM diverges from expert
judgment, rather than only whether it does.

For each selected decision variable v, three metrics are computed across all n scenario instances. The
first is Spearman’s p, which captures the ordinal correlation between LLM and expert values [17]:
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where d, ; = V'EM -V 7 is the difference between the LLM-recommended and expert value for variable

v in scenario instance s.

The second metric is Mean Signed Error, which captures systematic directional bias in the LLM recom-
mendations:
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A positive MSE,, indicates that the LLM systematically recommends higher values than the expert, while
a negative MSE, indicates the opposite. This is an important complement to Spearman because p can
be high even when the LLM is consistently biased in one direction, as long as the ranking order is
preserved.

The full set of alignment metrics is summarized in Table 4.2.

Metric Level Description

F1 score Per configuration Category-level alignment on overall decision
strategy

Spearman’s p Per variable Ordinal correlation between LLM and expert
values across instances

Mean Signed Error  Per variable Directional bias of LLM relative to expert

Table 4.2: Decision alignment metrics

4.3.5. Decision quality
As explained before, expert decisions cannot be assumed to be high-quality, thus, decision quality must
be defined separately.

Performance categories

Generally, LLM-based decision support is assessed across three performance categories: result perfor-
mance, process performance and management performance. Result performance refers to the quality
of the result of the generated recommendations within the operational context, for example robustness
or energy efficiency. This concerns the recommendation as assessed at the decision moment, not its
realized outcome. Process performance concerns the way in which the recommendation is generated,
including aspects such as runtime and transparency. Management performance concerns the usabil-
ity and organizational fit of the LLM-based decision support, for example financial investment or time
investment.

Result performance is expected to form the main focus of the evaluation framework. Management
performance is considered out of scope for this research. Process performance, such as reasoning
transparency and response consistency are not evaluated in the framework, but they are not ignored
either. Insights from existing literature on these failure modes [8] [9] are incorporated in section 4.4,

However, a complete evaluation of LLM-based decision support requires all three dimensions to be as-
sessed, and organizations considering deployment should complement this framework with approaches
addressing the other two categories.

Result performance

To evaluate result performance, both a quantitative and a qualitative analysis are conducted. For the
quantitative analysis, the framework translates operational objectives into a set of criteria, each oper-
ationalised into a measurable indicator, transformed into a standardized utility score, and weighted to
reflect its relative importance. These steps are explained in more detail below, but first it is explained
why this method is necessary.

Firstly, the components together form a Multi-Criteria Decision-Making scorecard. This is an approach
that recent literature argues is the most appropriate structure for evaluating LLM performance in con-
texts involving multiple competing objectives [1] [51].
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Importantly, the criteria, utility functions and weights cannot be derived from LLM evaluation literature
as this literature assumes they are already known. However, in the contexts that rely on expert knowl-
edge, these elements are not so straightforward to define. These elements must be constructed using
methods from expert knowledge elicitation in decision-making literature. This is where the combination
of LLM evaluation literature and decision-making literature is made.

However, research has shown that output correctness does not always reflect reasoning quality. An
LLM may arrive at a correct recommendation through flawed reasoning, which quantitative scores alone
cannot detect. The qualitative analysis therefore complements the quantitative evaluation by examining
the reasoning process underlying the recommendations, assessing whether constraints are correctly
interpreted, how trade-offs are handled, and whether the reasoning is internally consistent.

Step 1: Defining and operationalising criteria

The criteria have to reflect what is relevant in the selected decision scenario. Operational decisions
typically involve many criteria and it depends on the time and feasibility available how many can be
incorporated in the evaluation. In the case of EXMAR, only the most relevant and high-priority criteria
are selected. Since the LLM is intended as a decision-support tool and not as a standalone decision
system, the selected criteria serve as a basis. When reviewing the LLM’s recommendation, the crew
is still able to consider additional relevant factors that are not explicitly included in the criteria.

After choosing a relevant set of criteria, the criteria are defined. For example; what is energy efficiency,
what is robustness. After defining them conceptually, the criteria are operationalised so they can be
measured. Different criteria may require different measurement methods, ranging from quantitative
calculations or expert judgment.

Human evaluation is considered the gold standard for domain-specific LLM evaluation, as it captures
nuances and contextual preferences that automated metrics cannot [41]. LalaEval does this by asking
domain experts to fill in evaluation rubrics for each LLM output [41]. However, this approach is not
scalable. The goal of this framework is therefore to extract operator knowledge once, translate it into
criteria, and apply these consistently without requiring repeated expert input. This is where methods
from expert knowledge elicitation become essential, which is elaborated upon in the method section.

Step 2: Utility

The previous section defines performance criteria and their measurements. These measurements can
differ in scale and unit; therefore, an additional step is required to make sure that they can be compared.
Each criterion is transformed into a standardized utility score. This is done with a utility function that
quantifies the value of a certain level of a criteria. These utility functions can be linear, exponential or
follow other forms, depending on the nature of the criteria [43].

Step 3: Weights

Not all criteria contribute equally to decision quality. To reflect this, the relative importance of each
criterion is assigned a weight, also consistent with the MCDM approach.

Before moving on to the specific methods used, a consequence of building quality from elicited expert
knowledge must be made explicit. The criteria, utility functions and weights are all derived from experts,
so quality is not independent of expert judgment. However, alignment compares the LLM to a single
decision an expert made in the moment, which can involve satisficing. Quality compares it to the criteria
experts express on reflection. That means that a decision can score poorly against an expert’s own
stated criteria.
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4.3.6. Method

To construct the quality evaluation, first literature review is done. This is used to identify what criteria
are commonly used to evaluate operational decision-making and how they are defined and measured.
This provides an initial set of candidate criteria and measurement approaches.

As the scenario is domain-specific, additional expert knowledge is required to confirm the criteria as
well as to identify additional criteria, measurement methods, utility functions and weights. This should
be collected through semi-structured interviews. The interviews follow a Cognitive Task Analysis (CTA)
approach. As mentioned in chapter 3, CTA is suitable for uncovering the cognitive processes, informa-
tion cues and judgments that experts use in complex decision environments [7].

The most common process in CTA is the following. First, collect preliminary knowledge about the
domain. Second, apply focused knowledge elicitation methods. Third, analyze and verify the acquired
knowledge [7].

For the EXMAR case, CTA is applied across these stages as follows. In the preliminary stage, gen-
eral familiarity with the decision domain is established through document analysis and meetings with
office-based experts. Next, for the second stage, operators of the Eemshaven FSRU are presented
with scenario instances, explained in the next section, after which their reasoning is probed. This incor-
porates elements of the Critical Decision Method (CDM) [7]. This method specifically probes to identify
decision points, perceptual cues, trade-offs and situational judgments that operators use but rarely artic-
ulate explicitly. The probes target how operators interpret each criterion, what indicators they associate
with good or poor performance, how they value changes in performance, and how they weigh criteria
relative to each other. Particular attention is paid to qualitative considerations that influence decisions
but are not easily measurable [1].

Step 1: Defining and operationalising criteria

For each identified criterion, the interviews probe further to uncover information needed for the opera-
tionalisation. This includes: how the concept is interpreted in, what observable indicators correspond to
good or poor performance, and what thresholds, heuristics or rules of thumb are used. This information
is used to define measurable indicators or structured scoring approaches for each criterion.

Step 2: Utility

The interview insights also reveal how operators value changes in performance, which is used to de-
termine the form and shape of the utility function for each criterion.

Step 3: Weights

Finally, operators are probed to describe the balance between criteria. These comparisons produce
the weights that reflect the perceived priority of each criterion in the decision context.

The criteria, their operationalisation and their relative importance together produce the quality score-
card. A high score means that the decision is considered high-quality in this research. An overview of
the table is shown in Table 4.3.

Criterion Measured value Score Utility Weight Weighted utility
Criteria 1 - - - - -
Criteria 2 - - - - -
Total —_

Table 4.3: Decision quality scorecard
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4.3.7. Benchmarking

The benchmark serves as the reference point against which LLM-generated recommendations are com-
pared. Without a benchmark, the evaluation framework can compare LLM configurations against each
other, but cannot answer if the configurations improve on what operators currently do. What that ref-
erence should be is constrained by the context, as mentioned before, these operational environments
have no ground truth, so there is no objectively optimal configuration to benchmark against. Current ex-
pert practice is therefore the only available reference. And as established in chapter 3, expert decisions
are not guaranteed to be optimal due to satisficing, but they do represent current practice, and improv-
ing on current practice is the practical goal of decision support. The benchmark therefore captures this
baseline.

This phase is comparable to the "Benchmark Dataset Creation” component of LalaEval [41], but is
differs in an important way. LalaEval constructs benchmarks from existing documents. In operational
environments where decision quality depends on expert judgment, no such documents exists. The
benchmark must therefore be constructed by eliciting decisions directly from experts. This approach is
consistent with Vrdoljak et al. [46], who present constructed scenario instances to domain experts and
use their responses as the reference standard for evaluating LLM outputs.

4.3.8. Method

The benchmark is constructed by presenting scenario instances of the selected scenario to experienced
operators. A scenario instance refers to a specific set of values for the decision variables within the
selected scenario. For each instance, operators are asked what decision they would make under those
conditions. If historical operational data for comparable situations are available, these data can be used
to complement expert judgments and validate the realism of the benchmark. If multiple experts provide
different recommendations, the Delphi method can be used to reach consensus.

Once the decision of the operator has been established, the methods developed in the previous section
are applied. First, the decision is classified into a category for later comparison with the LLM recommen-
dation. Second, the benchmark decision is evaluated using the decision quality evaluation scorecard
by determining the measured value, score, utility and weighted utility for each criterion. This results in
an overall benchmark score for each scenario instance.

For the EXMAR case, scenario instances are presented to the operators. Historical operational data
are used where available to validate the realism of the instances. Where operators disagreed, the
Delphi method is applied to reach consensus.

4.4. RQ3: Prompt design

The aim of this subquestion is to generate recommendations for the selected scenario, as mentioned in
the third research question: How should the input of the LLM be structured to generate decision
recommendations for the selected scenario?

In contrast to studies that compare different model architectures, this research treats the underlying
LLM as a fixed system. The company’s deployed LLM, a private version of ChatGPT 4.1, is used
to ensure that the information remains confidential. Within this fixed system, variation is introduced
through prompt design, as choices in prompting can affect outputs significantly even when the model
architecture is constant [20]. Using this method, the evaluation can assess how the quality of the
prompts influences the quality of the recommendations of the LLM.

Prompt design consists of multiple elements, which in this research are grouped into two main cate-
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gories: task definition and information provision.

Task definition is about how the task is provided to the LLM. This includes several elements that guide
the model’s reasoning behaviour. Some examples are explained. First, task framing determines how
the problem is described and contextualized [20]. Second, reasoning can be structured using tech-
nigues such as chain-of-thought prompting, which asks the model to generate intermediate reasoning
steps before giving the final answer. It is often used for complex problems to better align the model’s in-
ternal processing with task requirements [20]. Third, role or persona assignment is a technique used to
set behavioural guidelines and professional context for the model [52]. Fourth, verification instructions
can be included to force the model to reason about its own correctness and identify if it has satisfied
all provided goals and constraints before delivering a final recommendation [16]. Finally, output format-
ting, also referred to as "structured prompting” uses tags to help the model better understand the users
intent and significantly reduces the scope of interpretation [20].

Information provision concerns what information is given in the prompt and how it is presented. This
includes input representation, referring to the format and shape of the data [16]. It also includes con-
text injection, which determines the scope of the data [16] and examples, sometimes called prompt
augmentation which can improve the quality and consistency of the model’s performance [20].

As noted in the decision quality section, process performance dimensions are incorporated into the task
definition and information provision. Rather than measuring these as outcomes, they are controlled in
this phase as inputs through prompt design choices.

The combination of task definition and information provision determines how the LLM interprets the
decision problem, constructs its reasoning and generates recommendations. The specific methods
used in this research are explained in the next section.

4.4.1. Method

The prompt design process follows a structured and iterative approach. First, a base prompt is de-
veloped. This base prompt defines the operational scenario, system constraints, decision variables
and required output format. It already incorporates several elements of prompt design, identified in
the previous section. It includes role assignment, structured output formatting and context injection. To
ensure completeness, the base prompt is iteratively refined by prompting the LLM to identify missing in-
formation and implicit assumptions it would make. These identified gaps are then addressed by adding
clarifications to the base prompt until the model no longer identifies large missing information gaps or
significant assumptions. This step ensures that the decision problem is sufficiently well-defined to be
understood by the LLM.

Second, several modular building blocks are made that later can be combined to form a complete
prompt. The building blocks represent different design choices within the two components of task
definition and information provision.

Finally, an experimental design is made from the combinations of the different dimensions identified
above. A full factorial or a reduced design can be made, depending on the number of combinations of
the building blocks, to keep it manageable. Each prompt is then run in the LLM for the different scenario
instances. To ensure consistency, each configuration is run in a new session without memory of previ-
ous interaction. The generated recommendations, including both the final output and the intermediate
reasoning are logged.

This approach is iterative: the prompt is not fixed once but refined in response to evaluation findings
from the framework. These refinements are of two kinds. Application-specific refinements can sharpen
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the prompt for the specific case. Transferable refinements can even generalise beyond it.

4.5. SQ4: Evaluation and validation

This last step brings all the previous sections together in a run through the framework. This corresponds
to the final subquestion: How does the LLM-based decision support perform on the selected
scenario when evaluated with the framework and what does it reveal about the framework’s
ability to support deployment decisions?

This step is a full pass through the framework, which is presented in chapter 5, applied to the LLM
recommendations and compared against the benchmark. The recommendations are taken through
the two entry conditions and assessed on decision alignment and quality.

In addition, this phase includes a validation step. This validation assesses whether the operationalised
framework produces consistent results when applied to additional scenario instances. This is important
to ensure that the findings are not specific to the initial scenario instances and that the tool is robust.
Additionally, it gathers preliminary insights on the perceived value of the LLM recommendations from
an operator perspective.

The findings from the evaluation and validation are then used to reflect on the framework itself; on what
the application reveals about its design and where it requires improvement.

45.1. Method
Validation

The validation first assesses the robustness of the evaluation tool and second, gathers preliminary
qualitative evidence on the perceived value of LLM recommendations from an operator perspective.

For tool robustness, additional scenario instances are generated and the prompt configurations are
run on these instances. Operators are independently asked to provide their decisions for the same
instances, without exposure to the LLM outputs. The same evaluation tool is then applied to assess
whether it produces consistent results across different conditions and whether conclusions drawn from
the initial instances are robust.

For operator perception, the LLM recommendations and their underlying reasoning are subsequently
shown to the operators. Operators are asked three structured questions: first, would you consider this
recommendation or dismiss it immediately, and why? Second, does the reasoning process reveal any
considerations you had not thought of? Third, does the recommendation change your decision, and
if so, in what direction? These questions provide qualitative data on perceived usefulness, reasoning
quality and actual influence on operator judgment.

4.6. Conclusion

This chapter has presented the methodology used to develop and apply the evaluation framework for
LLM-based decision support in safety-critical operational environments that rely on expert knowledge,
using EXMAR’s FSRU as the case. Structured around the four subquestions, it has covered the sce-
nario requirements (SQ1), the evaluation design, elicitation and benchmarking methods (SQ2), the
prompt design (SQ3), and the evaluation and validation (SQ4).

The framework that results from these methodological choices is presented in chapter 5. Chapters
6, 7 and 8 then operationalise the framework for the EXMAR case, apply it, and validate the findings.
Finally, chapter 9 reflects on what the application reveals about the framework itself.



Evaluation framework

Building on the methodology from chapter 4, an evaluation framework consisting of five phases is
developed. As the methodological choices have already been justified in the previous chapter, this
chapter focuses on presenting and explaining the framework itself as a practical guide for its application.
This framework constitutes as the first deliverable of the research. It is a conceptual model of the
evaluation process and provides a structured way to evaluate LLM-based decision support in safety-
critical operational environments where decision quality is defined by tacit expert knowledge. It is
operationalised for EXMAR in chapter 6, applied in chapter 7, validated in chapter 8, and reflected
upon in chapter 9.

5.1. Five phases

The evaluation framework is structured into five sequential phases, shown in Figure 5.1. Each phase
builds upon the previous one. All of these phases must be carried out to evaluate LLM-based decision
support.

Overall, the phases are partly inspired by LalaEval, a framework that proposes five main components
for the evaluation of domain-specific LLMs: domain specification, criteria establishment, benchmark
creation, construction of evaluation rubrics and analysis of evaluation outcomes [41]. The framework
presented here adapts and extends this structure for safety-critical operational contexts where decision
quality is defined by tacit expert knowledge.

Phase 1 through 4 each prepare an input the framework needs before it can run. Phase 5 is where the
evaluation is done, where a recommendation is checked. The first phase addresses the selection of a
suitable operational scenario. The second phase translates expert knowledge into application-specific
alignment and quality criteria. The third phase establishes the baseline current expert decision-making
process, the benchmark. The fourth phase concerns the design of LLM prompt configurations. Finally,
the fifth phase evaluates the performance of LLM-generated recommendations against the benchmark
by going through the framework.

The following sections describe each phase as a component of the framework. The methodology for
carrying out each phase is described in chapter 4, therefore, this chapter focuses on what each phase
contributes to the framework as a whole.
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5.2. Phase 1: Scenario selection

To apply the framework, the first step is selecting an operational scenario. This is the first phase of the
evaluation framework and corresponds to the first subquestion, explained in section 4.2. It identifies
a suitable operational scenario, providing the decision context within which the rest of the framework
operates.

Five requirements must be satisfied for a scenario to be suitable for the framework. The scenario must
(i) involve a clear issue or improvement potential, (ii) be a frequent decision in practice, (iii) involve
safety or risk considerations, (iv) be sufficiently structured to allow LLM-based support, and (v) have
historical data available.

The output of phase 1 is a structured definition of the selected scenario, capturing its objective, system
boundary, decision variables, expected outputs, and assumptions. This scenario guides all subsequent
phases.

5.3. Phase 2: Operationalisation of alignment and quality

Once the scenario is selected, the next step is operationalising the two key components of the eval-
uation framework: decision alignment and quality. As established in the research gap, existing task-
specific frameworks assume that the criteria defining a good decision are already known. In the contexts
this framework targets, they must first be elicited. This phase translates the elicited expert knowledge
into application-specific alignment categories and quality criteria. The method for eliciting this knowl-
edge is described in section 4.3.

5.3.1. Decision alignment

Decision alignment captures the degree to which the LLM reproduces operator decisions. Operational-
ising it requires identifying two things from the selected scenario: the strategy categories that decisions
can be grouped into, and the decision variables of the problem.

These support two levels of comparison. At the category level, each decision is grouped into a strategy
category and alignment is measured per configuration across scenario instances, using the F1-score,
capturing whether the LLM reproduces the operator’s overall strategic direction. At the variable level,
the decision variables are compared directly between the LLM and the operator, using Spearman cor-
relation and Mean Signed Error, capturing where and by how much the LLM diverges.

The framework does not require both. Depending on the scenario, category-level alignment may al-
ready reflect enough variation, the variable-level comparison may be more meaningful, or both may be
informative. Which to use is a choice made when operationalising the framework.

5.3.2. Decision quality

Decision quality captures how good a recommendation is, evaluated against criteria that operators
consider relevant. It combines a quantitative and a qualitative component. The quantitative component
is a Multi-Criteria Decision-Making scorecard: a set of criteria, each operationalised into a measurable
indicator, transformed into a standardised utility score, and weighted to reflect its relative importance.
The qualitative component examines the reasoning the LLM provides for its recommendation: whether
constraints are correctly interpreted, how trade-offs are handled, and whether the reasoning is internally
consistent.

Only the quantitative part needs to be operationalised. First, elicit the criteria operators consider rel-
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evant for the chosen scenario, define a utility function for each, and assign weights reflecting relative
importance. This should be done using the methodology described in section 4.3.

Operationalising the criteria also requires choosing a measurement method for each. This can range
from quantitative computation to structured qualitative rating or direct expert judgement, and the choice
carries a trade-off. Expert rating captures nuance but does not scale, as it requires repeated expert
input for every recommendation evaluated. This framework therefore favours eliciting expert knowledge
once and encoding it into reusable measurement methods, so that criteria can be applied consistently
without further expert involvement.

The outputs of phase 2 are the parameters that drive the alignment and quality tracks of the evaluation
architecture in phase 5. They are also used in phase 3 to score operator decisions as the benchmark.

5.4. Phase 3: Benchmark construction
The next step is to construct the benchmark. Without one, the framework can compare LLM configura-
tions against each other but cannot answer whether they improve on what operators currently do.

To construct the benchmark, present scenario instances to experienced operators and record the deci-
sions they would make. Classify each operator decision into one of the alignment categories defined
in phase 2 and score it using the MCDM scorecard defined in the same phase. The procedure is
described in subsection 4.3.7.

The outputs of phase 3 are used in two places. The classified categories of operator decisions feed
the alignment track of phase 5, providing the reference for category-level alignment comparison. The
benchmark quality scores feed the comparison made on the quality track, allowing the framework to
assess whether LLM recommendations match, improve on, or fall short of current operator practice.

5.5. Phase 4: Prompt design
The next step is generating the LLM recommendations that the framework evaluates. In this research,
this is being done by varying prompt design while keeping the underlying model fixed. But recom-
mendations could equally be generated by varying the model. The methodology for constructing and
varying prompts is described in section 4.4.

The framework includes a transferable layer of prompt-design recommendations that accumulates
across applications. This layer first only containts recommendations from literature. Using the method-
ology in section 4.4, the prompt is made. As the framework runs, the qualitative reasoning analysis
in phase 5 produces findings about how the LLM is reasoning. Findings that generalise beyond the
specific application are added to the transferable layer, where they become available to recommend
prompt design of future applications of the framework.

The outputs of phase 4 are a set of LLM recommendations for the chosen scenario, accompanied by
the reasoning the LLM provided for each. These are the inputs to phase 5.

5.6. Phase 5: Evaluation and interpretation

Phase 5 is where the framework operates. A recommendation produced in phase 4 enters the archi-
tecture, shown in Figure 5.1. It then passes through two gates (the entry conditions from chapter 4), is
evaluated on two parallel tracks, and finally placed on a 2x2 matrix that is the framework’s final output.
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5.6.1. Gate 1: Factual correctness

Before a recommendation is evaluated, it is checked against hallucination of system entities or values.
The gate verifies that the recommendation is factually consistent with the scenario as defined, so that it
refers only to entities that exist in the system and context. The check is qualitative. A recommendation
that references non-existent entities or values outside the possible range, fails the gate and is rejected;
the evaluation does not proceed.

5.6.2. Gate 2: Safety

A recommendation that passes the factual correctness gate is then checked against the operational
safety constraints. Safety is treated as non-negotiable: a recommendation that violates a safety con-
straint cannot be compensated by performing well on other criteria. Like Gate 1, it operates as a
pass-or-reject gate. A recommendation that fails Gate 2 is rejected; only recommendations that pass
both gates enter the parallel evaluation tracks.

5.6.3. Decision alignment

The alignment track compares the recommendation to operator practice at two levels, using the met-
rics defined in section 4.3. The category-level comparison checks whether the LLM reproduces the
same decision strategy category as the operator benchmark. For each scenario instance and prompt
configuration, the LLM-generated recommendation is classified into a category. Based on this classifi-
cation, precision, recall and F1-score are calculated per prompt configuration to assess category-level
alignment with expert decisions.

The variable-level comparison checks the recommendation’s decision variables against the operator’s.
It is assessed by computing Mean Signed Error and Spearman correlation for the decision variables
across all instances. The selected level or levels together produce a combined alignment verdict, cat-
egorical rather than numerical: a recommendation is judged as having high or low alignment. There is
no fixed formula for this judgment, since the metrics and their interpretation depend on the scenario.

5.6.4. Decision quality

Each recommendation is evaluated on the defined quality criteria. For each criterion, first the value is
measured, then, the utility function is applied to generate a standardized score. Third, for each recom-
mendation, the utility scores for all criteria are aggregated, taking into account the weights, to determine
an overall performance score in the quality scorecard. The qualitative component examines the rea-
soning the LLM provided. This involves examining the explanations generated by the LLM to assess:
whether constraints are correctly interpreted, how trade-offs are handled and whether reasoning is inter-
nally consistent. This step is particularly important because differences between prompt configurations
are not only reflected in the final recommendation, but also in how the decision is constructed.

As with alignment, the two components are combined into a categorical quality verdict: high or low.
Again, there is no fixed threshold at which a recommendation counts as high quality since this depends
on the criteria and weights of the specific application and on how the benchmark itself performs. The
quantitative score gives the quality level and the qualitative reasoning analysis then validates whether
that score is trustworthy.

5.6.5. Final output: 2x2 matrix
The combined alignment verdict and the combined quality verdict together place the recommendation
on a 2x2 matrix. The four cells correspond to four distinct interpretations. The interpretations depend
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on one prior condition; whether the benchmark itself is of high quality. The interpretations below assume
a high-quality benchmark.

» Adopt: High quality & high alignment. The recommendation scores well and expert-recognisable;
trustworthy and adoptable

* Investigate: High quality & low alignment. The recommendation scores well but diverges from
expert practice. This does not establish that it is better than current practice: the divergence may
reflect considerations experts weigh but the criteria do not capture. Such recommendations need
investigation of that gap rather than direct adoption.

» Low quality & high alignment. The recommendation reproduces expert practice but scores poorly
on quality. Against a high-quality benchmark this cell is unlikely. (It becomes meaningful when
the benchmark itself is weak, flagging recommendations that copy poor practice).

* Reject: Low quality & low alignment. The recommendation is neither good nor expert-recognisable.

5.6.6. Prompt-refinement loop

The qualitative reasoning analysis performed in the quality track produces findings about how the LLM
is reasoning. These findings feed back to phase 4 to refine the prompt for the next iteration of the ap-
plication. They also feed the transferable prompt-design recommendations layer, accumulating across
applications.

5.7. Conclusion

This chapter has presented the evaluation framework as a deliverable. The framework consists of
five sequential phases: scenario selection, operationalisation, benchmark construction, prompt design,
and evaluation and interpretation. The first four phases each prepare an input the framework needs.
The fifth phase contains the evaluation architecture itself, where recommendations pass through two
gates, are evaluated on parallel alignment and quality tracks, and are placed on a 2x2 matrix as the
framework’s final output.

The framework is intended to be applicable to any safety-critical operational context where decision
quality is defined by tacit expert knowledge. chapter 6 operationalises it for the EXMAR case, populat-
ing each phase with the scenario, criteria, weights, benchmark, and prompt configurations specific to
that context. chapter 7 then runs the framework on the operationalised case and reports the findings.
chapter 8 validates these findings on additional scenario instances. chapter 9 reflects on what the
application of the framework to EXMAR reveals about the framework itself.



Operationalisation of framework for
EXMAR

This chapter operationalises the evaluation framework for the EXMAR’s FSRU case. chapter 5 pre-
sented the framework and chapter 4 set out the methodology behind it. This chapter operationalises
the first three phases with the scenario, decision categories, criteria, weights and benchmark specific
to EXMAR’s operation. The result is a concrete evaluation tool, and with that, this chapter is the first
part of the second deliverable of this research.

The chapter addresses the three phases. section 6.1 applies phase 1, selecting and defining the opera-
tional scenario. section 6.2 applies phase 2, translating elicited operator knowledge into the alignment
categories and quality criteria that drive the evaluation. section 6.3 applies phase 3, constructing the
operator benchmark that serves as the reference point. The application of phases 4 and 5 follow in
chapter 7.

6.1. Phase 1: Scenario selection
This section presents the selected operational scenario, corresponding to phase 1 of the framework.
This step is important because the scenario defines the context in which the remainder of the research
is conducted. First, the selection process of the scenario is briefly touched upon. Second, a decision
information card is used to explain the scenario.

6.1.1. Selection process

The selection process follows the method described in section 4.2. Initial meetings with office-based
experts at EXMAR identified two candidate decision problems: the handling of boil-off gas (BOG) and
the selection and loading of high-pressure pumps and vaporizers in the regasification process. Subse-
quent meetings with operators quickly led to the selection of the regasification configuration decision,
as it showed stronger adherence to the requirements, particularly regarding improvement potential,
safety involvement and the feasibility of structuring it sufficiently for LLM-based support.

The regasification process, introduced in chapter 2, forms the core operational activity of the FSRU.
The scenario is presented below using a decision information card, which defines the objective, system
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boundary, decision variables, expected output and assumptions.

6.1.2. Decision information card

Scenario

Selection of high-pressure pumps and vaporizers on the FSRU to meet the required LNG send-out
demand under closed-loop regasification conditions.

Decision Objective
Determine the combination of high-pressure pumps and vaporizers and their operating loads that sat-
isfies the required send-out demand.

Decision Moment
Daily (when demand for the next 24h is shared).

System Boundary

The decision problem is limited to selecting and loading high-pressure pumps and vaporizers required
for vaporization, as visualised in Figure 6.1. While additional systems are involved in the regasification
process, such as LNG cargo pumps and BOG condenser, these are outside the system boundary.
Closed-loop regasification is assumed, in which the heat is supplied from shore through boiler-heated
water. The operation of the heating system is not modeled as separate subsystem, but its energy
impact is included.

As a result, the scenario does not represent a complete vaporization system. A fully realistic model
would require capturing all interdependent subsystems, which is not feasible. The chosen scope re-
flects a simplification that still captures elements of the complexity while remaining manageable.

Decision Variables

* V1. Number of high-pressure pumps in operation
» VV2: Load of high-pressure pumps in operation
» V3: Number of vaporizers in operation

* V4: Load of vaporizers in operation

Expected Output
Recommended configuration of high-pressure pumps and vaporizers, including the number of units in
operation and their corresponding operating loads needed to achieve the required send-out demand.

Assumptions

+ Closed-loop regasification is assumed
» Heat for vaporization is supplied through the boiler-supported water loop

* LNG supply is sufficient. This means that LNG supply is assumed to not be a constraint, meaning
that there is sufficient LNG supply to meet the send-out demand.

Adherence to requirements

This decision problem is chosen because it satisfies the five scenario selection requirements defined
in section 4.2 (1) presence of clear improvement potential, (2) frequent occurrence, (3) involvement of
safety aspects, (4) potential for LLM-based support, (5) availability of historical data.

Firstly, the scenario presents improvement potential. Operators mentioned that the decision depends
on balancing many objectives, which is further explained in phase 2. In addition, the decision depends
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on many variables, such as send-out demand, temperature measurements and equipment availabil-
ity. Because of this complexity, operators rely on experience rather than a calculated comparison of
alternatives. Improvement potential, therefore, refers to the possibility of finding more optimal configu-
rations.

Secondly, the decision is made on a daily basis when the send-out demand for the next 24 hours is
shared, this satisfies the requirement of frequency.

Thirdly, safety aspects are present, as equipment loading must remain within operational limits to pre-
vent unsafe conditions. Exceeding these limits can result in equipment failure or shut down of the op-
erations (further explained in subsection 6.2.2). Safety therefore forms an important constraint within
the decision problem.

Fourthly, the system boundary has been placed such that the scenario becomes simplified and struc-
tured. It has a clear objective, inputs and outputs that allow LLM-based support. As mentioned before,
it is also not the aim to represent the full complexity and reality of the FSRU, but to capture a decision
problem that still contains the most important elements.

Finally, historical data are available for the decision. The information includes the context variables,
the selected configuration and the outcomes per day.
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Figure 6.1: Scenario visualisation

6.2. Phase 2 : Operationalisation of alignment and quality

This section presents the operationalisation of the main components of the evaluation framework for
the specific context of EXMAR’s FSRU. It consists of two components. First, LLM recommendations
are compared with expert decisions to assess alignment. Second, decision quality is defined to assess
how well a recommendation performs. As established in section 4.3, both components are necessary:
alignment alone cannot determine whether a recommendation is good, and quality alone cannot deter-
mine whether it is recognizable to operators.
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6.2.1. Decision alignment with experts

The first step is assessing to what extent LLM-generated recommendations align with expert decision-
making. As mentioned before, alignment does not necessarily imply that a decision is of high quality.
However, alignment remains an important dimension: a recommendation that diverges entirely from
how operators reason may be dismissed in practice regardless of its quality score. Also, if expert deci-
sions perform well on the decision quality evaluation, introduced in the next section, a high alignment
score is interpreted as an indication that the LLM reproduces high-quality decisions.

As described in section 4.3, decision alignment is assessed using two approaches: a category-based
approach using the F1-score and a variable-level approach using Spearman correlation. This section
operationalises both approaches for the selected scenario.

Category-based alignment: Fl-score

The F1-score only works for discrete classes, therefore the decisions first are grouped into categories.
Such a categorisation cannot capture all details of a configuration, but it needs to reflect the main
strategic dimension of the strategy that is used to meet the required send-out demand. In the selected
scenario, the central strategic choice is how many units to activate relative to the minimum required to
meet the send-out demand. To make this operational, a redundancy approach is used, which expresses
how many units are activated relative to the minimum required. First, the minimum number of pumps
and vaporizers required to meet demand within operational limits is determined, denoted as Npumps,min
and Nyapmin. Next, the degree of redundancy R in a configuration is defined as:

R= (Npumps - Npumps,min) + (Nvap - Nvap,min) (6-1)

where Npumps and Nygp represent the number of active pumps and vaporizers.
Based on this measure, decisions are grouped into the following four categories:

» Minimal configuration: R = 0, only the minimum required units are active
+ Slightly redundant configuration: R = 1, one additional unit is activated
* Redundant configuration: R = 2, multiple additional units are active

» Highly redundant configuration: R > 3, substantial spare capacity is present

While these categories capture the primary strategic variation in the decision while remaining inter-
pretable, it also has limitations. First, configurations with the same redundancy level may still differ in
how redundancy is distributed between pumps and vaporizers. For example, one extra pump versus
one extra vaporizer both produce R = 1 but represent different choices. Second, configurations that
belong to the same category may involve different selections of specific units. For example, pump A
versus pump B. These differences are not captured by the classification, otherwise this would lead to
a large number of categories and this would reduce interpretability. But this is why the variable-level
alignment approach is introduced in the next section.

Variable-level alignment: Spearman correlation coefficient

As mentioned in the methodology section 4.3, the variable-level alignment approach requires the iden-
tification of decision variables in the scenario. As established in section 6.1, the decision involves four
variables: number of active pumps V1, pump load V2, number of active vaporizers V'3 and vaporizer
load V4.
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Of these, V2 and V4 are excluded because, given a fixed send-out demand, pump and vaporizer loads
are largely constrained by the number of active units and equipment characteristics. They are derived
consequences of V1 and V3 rather than independent discretionary choices made by the operator. In
principle, the variable-level analysis could have been applied to the loads as well. Doing so, however,
would have added little. Because the loads follow from the number of active units at a fixed send-out
demand, alignment on V2 and V4 would largely mirror alignment on V1 and V3: if the LLM activates
the same number of pumps and vaporizers as the operator, the resulting loads are close to identical,
and if it does not, the load divergence is a direct consequence of the unit divergence already captured
by V1 and V3. Including the loads would therefore not reveal a separate dimension of disagreement,
but restate the unit-level disagreement in different units.

The genuine choices therefore lie in V1 and V'3, and the variable-level alignment analysis is conducted
on these two variables. For each, Spearman’s p and Mean Signed Error are computed across all
scenario instances as described. The specific values of these metrics are reported in section 7.2, once
LLM recommendations and benchmark decisions are available for comparison.

6.2.2. Decision quality

Apart from the alignment defined in the previous section, decision quality must be assessed separately.
This section addresses the quantitative component of the decision quality evaluation. The qualitative
reasoning analysis does not require operationalisation and is applied directly in section 7.2.

The first step, as identified in section 4.3, is identifying the objectives of the scenario and translating
them into evaluation criteria. In the scenario, the primary objective is to meet the required LNG send-out
demand. However, meeting demand alone is not enough. A configuration can satisfy demand while
still being, for example, inefficient or impractical.

The remaining objectives are identified through literature review and expert interviews, following the
CTA approach. This reveals that operators consider multiple objectives simultaneously when selecting
a configuration. Four objectives are consistently identified as most relevant: safety, energy efficiency,
operational effort, and operational robustness.

These objectives reflect the multi-objective nature of decision-making on an FSRU. In this context, multi-
objective means that decisions must balance several performance dimensions that cannot be reduced
to a single measure. Importantly, these objectives can be conflicting. For example, a configuration
that minimizes energy consumption may require additional effort, while maintaining redundancy for
robustness may reduce efficiency, as mentioned during the interviews, in Appendix E. The balance
between these variables can be particularly hard to find as these trade-offs are not fixed rules. As a
result, selecting a configuration involves managing trade-offs rather than optimizing a single objective.

As established in the framework, safety needs to be treated as a gate rather than a weighted criterion.
The operators confirmed this logic, they would only meet the send-out demand if it could be achieved
safely (Appendix E). The remaining three objectives: energy efficiency, operational effort and opera-
tional robustness, are operationalised as weighted quality criteria. Capturing every dimension operators
consider is not feasible within the time and resources available for this research, so the criteria below
represent the most central ones identified through expert input '.

The inclusion of each is justified as follows. First, safety is operationalised as a gate, for the reason
given above and consistent with its safety-critical nature: violations of operational limits can lead to se-

"Additional criteria, such as switching considerations or maintenance, were mentioned during interviews but are excluded to
maintain a practical evaluation framework and because they are considered of negligible weight relative to the four other criteria.
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vere consequences, including equipment damage, environmental harm, or risks to personnel. Second,
energy efficiency is included because it is a key organizational objective as it directly affects operational
costs and environmental performance. The company wants to keep operations efficient when meet-
ing send-out demand (Appendix E). Operators also indicated that efficiency is currently considered
through experience-based estimation rather than detailed calculation. It is the goal of the LLM to be a
decision-support system, so this criteria has potential for improvement through decision support. Third,
operational effort is included because configurations that require excessive actions or coordination may
be impractical to implement, even if they perform well on other dimensions. Operators also consider
their own effort required to implement a configuration as a factor (Appendix E). Fourth, operational
robustness is included because the regasification process is subject to uncertainty, such as fluctuating
demand or potential equipment failure, requiring configurations that can adapt to changing conditions
(Appendix E). Operators aim to maintain robustness under uncertainty. This criterion captures a part
of these uncertainties.

Together, these criteria define a high-quality decision as one that meets the required demand while
remaining safe, using energy efficiently, requiring manageable operator effort, and robustness to handle
uncertain future conditions.

The operationalisation that follows reflects this split. Safety is operationalised first, as the gate. Then,
for each criterion, a consistent structure of three steps is applied as mentioned in chapter 4. First, the
criterion is conceptually defined to clarify its meaning within the FSRU context. Second, it is opera-
tionalised into measurable indicators. Third, a utility function is defined to transform performance into
a standardized scale, enabling comparison across criteria. Finally, the relative importance of the crite-
ria is determined through weighting, based on expert input. The following subsections address each
criterion in turn.

Defining Safety

As said before, safety is a central consideration in FSRU operations and is treated as a non-negotiable
criterion. This reflects the safety-critical nature of the system, where violations of operational constraints
can lead to severe consequences, including risks to personnel, environmental damage or equipment
failure. Although safety is often viewed in relation to human beings, safety can also be attributed to
environment or financial assets [2].

In the literature, the term "safety” is frequently used in such a way and there is the impression that
there is a simple definition and a shared understanding of what it means [36]. However, this is a
misinterpretation. "Safety” is being used in a wide variety of contexts that makes that there is no
common definition of what safety is.

One prominent view is that safety is the absence of risk [36]. In this view, "safe” is defined as a state
of acceptable risk, where risk is the combination of potential consequences and uncertainties [2]. So,
lower risk means higher safety and vice versa. This perspective is often applied at the organizational
level, where safety is often defined in terms of tolerable risk [18]. This perspective relies on hazard
identification and risk analysis to determine whether the likelihood and consequences of a potential
incident are acceptable. In industrial contexts such as FSRU operations, this risk-based perspective is
reflected in the design phase, for example through HAZOP studies, which identify hazards and define
operational limits and safety barriers. In this way, risk is not eliminated, but reduced to acceptable
levels and embedded in system design.

However, the idea that safety can be linked to risk in this way, has been challenged by several re-
searchers. We do not know today if accidents will occur or not in the future. Using the risk interpretation
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we acknowledge that being safe is a subjective judgment dependent on institutional processes to deter-
mine what is acceptable risk and what is not [2]. Also, this interpretation is not suitable for operational
decision-making as operators do not evaluate probabilities in day-to-day operations.

Newer theories define safety as the presence of capacity or capabilities [36]. This emphasizes that a
system is not considered safe only due to the absence of adverse outcomes [36], but about the system’s
ability to function under varying conditions and "fail safely” by having robust defenses in place.

The operational perspective of safety builds on top of this newer theory, where safety is often defined
more concretely as a state where all safety barriers are in place and functional [18]. In this view, if a bar-
rier is lost, compromised, or even if its integrity is questioned, the system is no longer considered "safe”.
In this way, safety becomes more an "active concept” focused on rule compliance, barrier integrity and
staying within the safe operating envelope rather than abstract calculations [18].

This operational perspective is most relevant for the selected scenario, as it reflects how safety is
assessed in practice by FSRU operators. Based on this theory and on interviews with operators, safety
can be defined as compliance with operational constraints. A configuration can be considered safe if it
does not violate any relevant operational limits.

At the same time, safety is not fully captured by formal limits alone. These limits represent general
technical boundaries, but they cannot account for every operational circumstance that may arise in
practice. As a result, operators may still judge a configuration unsafe even when it remains within
prescribed limits. In such situations, operators apply "conservative decision-making”, referred to as a
"line in the sand”, where operation is restricted before formal limits are reached [18]. This shows that
safety is not only determined by compliance with formal constraints, but also by professional judgment.
As a result, safety in the selected scenario consists of two aspects.

Operationalisation of safety

Formal limits Following the perspective of Hayes [18] and the definition defined in the previous section,
operationalising safety needs operational limits. In practice, this is also the first thing that operational
managers consider when making decisions regarding safety [18].

These limits provide operators with a fixed boundary of acceptability for specific system parameters
that impact safety such as:

» Maximum and/or minimum values of measurable system properties [18]

+ Specific minimum requirements for equipment[18]

These limits are set by engineers and are very specific to the equipment and operating plants. Typi-
cally, they are based on risk analysis and engineering design considerations with input from operations
personnel [18]. These formal limits serve several purposes. First, the limits are an organisational norm
[18] by providing a shared reference for what is considered an acceptable operation. Second, the limits
are a regulatory requirement [18], since compliance with prescribed limits is often necessary to meet
legal and industry safety standards.

For the selected scenario, the operational limits are the capacity limits of the high-pressure pumps
and vaporizers. In the real regasification system, many additional pressure, temperature, and process
constraints may also be relevant for safe operation. However, these depend on interactions with other
subsystems and variables that fall outside the scope of the present decision scenario. For that reason,
they are not included as explicit safety constraints in this operationalisation. The operationalisation of
safety form the constraints for our scenario:
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» Pump capacity limits
» Vaporizer capacity limits

Line-in-the-sand As mentioned before, a configuration can be unsafe even when within limits, then,
professional judgment is used. Although this "line in the sand” behaviour is an important aspect of real-
world safety, it cannot be explicitly operationalised within the simplified decision scenario. It depends
on the specific situation, the evolving conditions, that cannot be shown.

A related part of this conservative decision-making is found in automated protection systems. Modern
systems have automatic shutdown or trips designed as a last-resort protection when critical thresholds
are reached. With these systems, it is almost impossible to go over the safety limits as the trip limit is
set just before the safety limit. However, operators prefer to intervene before such systems activate
(Appendix E), since automatic trips can lead to abrupt transitions and less controlled system states.
Manual intervention allows for more nuanced responses and is often perceived as maintaining control
over the situation [18].

It is worth noting that the stated operational limits already incorporate a conservative safety margin
below the physical limits of the equipment. Operators are therefore sometimes willing to operate beyond
the stated limits, knowing that the physical boundary has not yet been reached. Within the simplified
scenario model, the stated limits are treated as the evaluation boundary, while acknowledging that this
is a boundary that does not need an extra margin applied to it.

The safety gate

Because safety is non-negotiable, it is not scored on a graded scale but applied as a pass-or-reject
gate. A configuration that violates any safety constraints is considered unacceptable. A configuration
that satisfies both limits passes the gate. Operating close to a limit does not make a configuration less
safe as the stated limits already embed a conservative margin (Appendix E).

reject, if any safety limit is violated
pass, otherwise

Defining Efficiency

Like safety, efficiency is a widely used concept with meanings that depend on the context. According to
the Cambridge dictionary efficiency refers to the quality of achieving the largest amount of useful work
using as little energy, fuel, effort etc. as possible [5]

These different forms of efficiency can conflict. Minimizing energy consumption may for example in-
crease effort. It is, therefore, necessary to specify which type of efficiency.

In the chosen scenario, energy efficiency is the most appropriate interpretation. This is because equip-
ment selection decisions are influenced by the objectives of minimizing operational costs and reducing
environmental impact. Energy consumption is a major contributor to both objectives.

Energy efficiency is then commonly defined as using less energy to provide the same amount of useful
output from a service [10] In complex operational system, however, energy cannot be captured by a
single definition, but must be expressed through context-specific indicators aligned with the specific
system [15]. Common indicators are: thermal efficiency, specific energy consumption and the energy
intensity index [15].
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Specifically for the FSRU, the regasification process does not generate energy, but it converts LNG to
gas through pressurisation and heat addition. So energy is consumed to be able to carry out these
activities, rather than energy is produced. In this case thermodynamic efficiency measures are not
useful [15]. Instead, it is best to evaluate operational performance on the external energy required to
deliver gas.

For the operational scenario, efficiency is therefore defined in terms of the specific energy consumption
of the regasification process. That is, efficiency reflects how much external energy is required to deliver
a given quantity of gas. A configuration is considered more efficient when it meets the required send-
out demand while using less fuel and electrical energy. Efficiency is thus evaluated as the energy input
per unit of gas delivered.

Operationalising Efficiency

As mentioned in the previous section, Specific Energy Consumption (SEC) is a commonly used indica-
tor for energy efficiency. It is widely used in industrial energy management as it represents the energy
input per unit of useful output [15] (e.g. KwH per m3). In LNG regasification systems, the total energy
input consists of multiple energy carriers. A study on regasification processes quantifies this input as
the combined thermal and electrical energy requirements, expressed as total heat duty and total power
consumption [12].

By combining both perspectives, the operational energy efficiency can be expressed as the ratio of
overall thermal and electrical energy inputs to the delivered gas output.

SEC — Ethermal + Eelectrical (6.2)
ans

For this scenario, the boundary is, however, restricted to those energy flows that are directly influenced
by the operational decision. Specifically, the analysis includes the electrical energy consumed by the
high-pressure pumps and the thermal energy supplied to the vaporizers to achieve regasification. Other
energy consumptions are excluded.

Accordingly, energy efficiency is operationalised as follows:

EHP + Evap

SECTegas = Q
gas

(6.3)
where Ey p is the electrical energy consumed by the high-pressure pumps, E,,, is the thermal energy
supplied to the vaporizers, and Q4. represents the quantity of gas delivered to the pipeline.

Utility of efficiency

Unlike safety, efficiency is treated as a compensatory performance criterion. This means that lower
performance on this criterion can be offset by higher performance on another criteria. Lower energy
consumption is preferred because it reduces operational cost and environmental impact. Consistent
with the operationalisation, lower SEC values indicate a more efficient operation.

Interviews with operators indicated that small differences in energy consumption do not significantly
influence decision-making, whereas larger differences can justify selecting an alternative configuration.
A small difference is typically around 2 MW, for example the difference in electricity consumption from
activating an additional pump. Larger differences start from around 4MW. Such differences typically
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arise from vaporizer choices, for instance operating two vaporizers instead of three for the same send-
out demand, which requires substantially more heat. To reflect this, efficiency is modeled using a
continuous, non-linear utility function, which assigns progressively stronger penalties to higher specific
energy consumption (SEC) values

The efficiency utility of configuration i is defined as:

_k(SECi*SECmin )2
Ueff i=e€ SECmin
)

where SEC; is the specific energy consumption of configuration i and SEC,,;, is the lowest energy
consumption possible for the configuration, and % is a scaling factor that controls how steeply utility
decreases as SEC increases. Based on operator input indicating that meaningful efficiency differences
should be clearly reflected in the score, k is set to 10 in this research. A lower value of k£ would
underpenalize meaningful efficiency differences, while a higher value would be too sensitive to small
variations. This formula reflects that utility decreases exponentially with increasing SEC, meaning a
progressively stronger penalty for less energy-efficient configurations.

Defining Operational effort

Effort is often defined in human factors research as physical demand and mental demand required to
perform tasks [48]. Because human processing capacity is limited, itis considered a "precious resource”
that humans naturally tend to conserve [48].

While the terms effort and workload are often confused. Effort refers to the demands imposed by a
specific task, while workload is the total demand placed on an individual. In this sense, effort can be
seen as a component of workload. This is consistent with the NASA Task Load Index, which identifies
effort as one of the dimensions contributing to workload [32]. Here the term effort is used.

Operational effort arises from both mental and physical demands and from the interaction between them
[48]. Physical actions often require cognitive resources for planning, sequencing and error prevention,
while mental activity can contribute to physical fatigue. Consequently, effort cannot be separated into
components.

In the context of the selected scenario, operational effort is defined as the effort required to implement
and maintain a given equipment configuration, the task. Implementing a configuration requires physical
actions such as activating equipment such as high-pressure pumps or adjusting loads. These actions
require both physical and mental capacity.

Effort also arises during supervision. Operators must monitor equipment status and process variables
to ensure stable operation. However, interviews with operators indicated that the implementation phase
is the dominant source of effort in this context. Consequently, operational effort in this study is defined
mainly in terms of actions required to establish the configuration.

Operationalising operational effort

Effort is assessed using a qualitative rating based on the effort associated with implementing the con-
figuration. Configurations that require numerous adjustments or complex coordination impose higher
effort.

A categorical scale is used to classify configurations into three effort levels:

» Low effort: Configuration requires minimal changes from the current state, for example only ad-
justing the load on already active equipment.
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» Moderate effort: Configuration requires some additional actions, for example activating one addi-
tional pump or vaporizer.

+ High effort: Configuration requires many additional actions, for example activating multiple units
across both equipment groups or switching between significantly different configurations.

Utility of operational effort

Like efficiency, operational effort is also treated as a compensatory criterion. Lower effort is preferred,
but differences between low and moderate effort levels are considered relatively unimportant. In con-
trast, high effort significantly reduces the attractiveness of a configuration, as operators indicated that
such configurations are unlikely to be implemented unless strongly justified by other factors.

To reflect this behaviour, utility is assigned on a discrete scale corresponding to the qualitative effort
levels:

1.0, Low effort
Uetiort = 4 0.8, Moderate effort
0.1, High effort

Defining operational robustness

As mentioned earlier, robustness refers to the ability of the system to maintain operation under un-
certainty. It is the degree to which a system can maintain its function despite changes in its internal
structure or external environment [3].

Moving towards decision-making in operational scenarios, robustness makes a shift away from tradi-
tional "optimality” towards measure of useful flexibility [37]. In industry, the "optimal” solution based on
a specific forecast often fails because the real-world context rarely matches the mathematical model.

Instead of relying on a single "best” prediction, robustness concern assumes the future is uncertain and
seeks solutions that perform well across a wide range of scenarios [37].

As mentioned in the previous section, uncertainty can be either internal or external. In the scenario,
through interviews, it became clear that two main uncertainty points arise when making decisions. The
first is internal. This uncertainty concerns the fact that equipment can fail. Therefore, operators like
to keep redundancy or the ability to tolerate the failure of a component. The second is external. In
the scenario a new send-out demand is given, however, in reality, this send-out demand can increase
or decrease during the day (Appendix E). This is understood as the capacity to respond to demand
fluctuations.

Together, these two sources of uncertainty, equipment failure and demand fluctuation, define the ro-
bustness dimension in this scenario and form the basis for its operationalisation in the next section.

Operationalising operational robustness

Operational robustness is assessed qualitatively. That is, it is evaluated using categorical ratings de-
rived from the presence of redundancy and flexibility to demand changes.

Redundancy is assessed by considering whether the configuration includes spare equipment capacity
that could compensate for the failure of an active unit. For example, a configuration running three
vaporizers when two would suffice has redundancy. If one glycol pump (which is connected to one
vaporizer) trips, the remaining two can still meet demand.



6.2. Phase 2 : Operationalisation of alignment and quality 43

Ramping flexibility is assessed by evaluating the available headroom for increasing output without need-
ing to change configuration. Configurations operating well below maximum capacity provide greater
ability to respond to demand increases. Additionally, configurations where an additional pump can be
started up quickly (in the same group) provide greater flexibility than those requiring the start up of a
new group.

Based on these two dimensions, operational robustness is classified into four levels:

 High robustness: Configuration includes both redundancy and substantial ramping capability in
currently active units.

» Moderate-high robustness: Configuration provides either redundancy or ramping capability within
currently active units.

* Moderate robustness: Configuration has no redundancy and limited ramping capability within
active units, but additional capacity can be made available through the start-up of an additional
unit within a short time (often when that unit is within the same group).

» Low robustness: Configuration offers limited capacity to respond to failures or demand increases.

Utility of operational robustness

Operational robustness is treated as a compensatory criterion: greater robustness is preferred because
itincreases the likelihood that operation can continue under uncertain conditions. Based on information
from interviews, high robustness is not strictly necessary, as moderate or moderate-high robustness,
meaning either flexibility or capacity, is considered sufficient. In contrast, low robustness is undesirable
as operations are difficult to continue or adapt after a change.

Utility is assigned according to the qualitative robustness levels:

1.0, High robustness

7 0.8, Moderate-high robustness
b =
° 0.6, Moderate robustness

0.4, Low robustness

Weighting of criteria

With the three criteria operationalised. Now, it is important to weigh the criteria as they have different
levels of influence in decision-making. (Safety is handled by the gate and falls outside the weighting).
The relative importance of the criteria is determined based on insights obtained from expert interviews.
During interviews, operators indirectly described the balance between objectives.

In all interviews, efficiency served as the main performance objective once the safety constraints were
satisfied. That is because it directly affects operational costs and fuel consumption. Often, large im-
provements in efficiency were mentioned to outweigh disadvantages in other criteria.

Robustness was considered important for managing uncertainty. Operators indicated that when effi-
ciency differences between configurations are small, more robust options are preferred.

Operational effort was more described as a practical constraint on implementation. Configurations
requiring significantly more effort were considered unattractive unless they provided clear benefits in
efficiency or robustness. Effort, therefore, mostly influences decisions when performance differences
in other criteria are small.
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Based on these findings, the criteria are assigned relative weights reflecting their perceived importance
in decision situations:

Criterion Type Weight
Energy efficiency Performance 0.50
Operational robustness Performance 0.35
Operational effort Performance 0.15

Table 6.1: Overview of evaluation criteria and their weights

6.2.3. Conclusion

This section operationalised the evaluation for the EXMAR case in two parts. The alignment component
defined the redundancy-based categories for the F1-score and identified V1 and V'3 as the variables
for the variable-level analysis. The quality component translated the scenario’s objectives into a safety
gate and three criteria: energy efficiency, operational effort and operational robustness. Each defined,
operationalised into a measurable indicator, and transformed into a utility score, together with the as-
signed weights.

What distinguishes this operationalisation from existing evaluation approaches is that these criteria,
utility functions and weights are constructed from operator knowledge elicited through CTA-based in-
terviews, rather than assumed to be known.

6.3. Phase 3 : Benchmark construction

This chapter presents the benchmark of current operator decision-making practice, constructed fol-
lowing the method described in subsection 4.3.7. The benchmark serves as the reference point for
evaluating LLM-generated recommendations against in section 7.2.

Two scenario instances are constructed: one reflecting a high send-out demand and one reflecting a
medium send-out demand. These instances were presented to experienced FSRU operators during
interviews. All operators converged on the same decisions, meaning the Delphi method was not re-
quired to reach consensus. The decisions were also validated against historical operational data to
confirming their realism.

For each instance, the operator decision is first described narratively, including the reasoning behind it.
It is then taken through the gates, classified into a decision category for the alignment. And scored on
the MCDM quality scorecard from section 6.2, producing a utility score for each criterion and an overall
score, the benchmark.

6.3.1. Scenario instance 1: High demand

The first scenario instance is shown in Figure 6.2. In this situation, the current nomination is 300
MMSCEFD, which is split equally over two vaporizers (A & B) and over three high pressure pumps (A, B
& C).

Current situation (300 MMSCFD):

« HP pumps: A (100 MMSCFD), B (100 MMSCFD) & C (100 MMSCFD)
« Vaporizers: A (150 MMSCFD) & B (150 MMSCFD)

The next day the nomination increases to 400 MMSCFD. The operators were asked to form their new
configuration to meet this new demand.
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HP Pump A
100 MMSCFD Vaporizer A
150 MMSCFD

HP Pump B
100 MMSCFD
Vaporizer B
150 MMSCFD
HP Pump C 300
100 MMSCFD [MMSCED

HP Pump D
0 MMSCFD

Vaporizer C

0 MMSCFD
HP Pump Small
0 MMSCFD

Figure 6.2: Scenario instance 1 : high demand

The operators responded that they would split the load equally over three vaporizers. To do this, they
would put the 200 MMSCFD module online (group 2). This would result in around 133 MMSCFD per
vaporizer. Regarding the high-pressure pumps, they would use A, B and D, each at 133 MMSCFD.

Response operators (400 MMSCFD):

« HP pumps: A (133 MMSCFD), B (133 MMSCFD) & D (133 MMSCFD)
« Vaporizers: A (133 MMSCFD), B (133 MMSCFD) & C (133 MMSCFD)

Consequently, additional information on the future was shared. The day after tomorrow, the nomination
will go back to 300 MMSCFD and one glycol pump needs maintenance, which means that vaporizer
cannot be used (as each vaporizer has its glycol pump).

With this information, another option was considered. This option involved keeping only the 400 MM-
SCFD module online, so only two vaporizers. This option would decrease operational effort and allow
them to run on the same three high-pressure pumps and two vaporizers. However, operators noted
that, running the same load on two vaporizers requires significantly more heat than running it on three
vaporizers. Considering this, they remained with their original answer.

Scenario instance 1: evaluation

The operator decision is taken through the framework: first the two gates, second the alignment and
then the quality criteria, using the methods operationalised in section 6.2.

Gate 1: Factual correctness
The configuration of operators of course passes this gate as it refers only to existing pumps and vapor-
izers.

Gate 2: Safety
The configuration is checked against the two capacity limits:

* Pump capacity limits: the load per HP pump is 133 MMSCFD which is above the minimum load



6.3. Phase 3: Benchmark construction 46

of 75 MMSCFD and below the maximum load of 135 MMSCFD.

* Vaporizer capacity limits: the load per vaporizer is 133 MMSCFD which is above the minimum
load of 0 MMSCFD and below the maximum load of 200 MMSCFD.

Both limits are satisfied, so the configuration passes the safety gate.

Decision category (alignment)

For the alignment track, the operator decision is classified into a redundancy category using Equa-
tion 6.1. The operator activated three pumps and three vaporizers. The minimum required to meet a
demand of 400 MMSCFD while remaining within operational limits is 3 (= Npumps,min) PUMps and 2 (=
Nyap,min) Vaporizers. This yields a redundancy score of

R=(3-3)+(3-2) =1

The benchmark decision therefore falls into the slightly redundant category (R = 1), which serves as
the reference category for the alignment comparison in section 7.2.

Energy efficiency
The energy efficiency is calculated using the SEC, which is the electricity usage of the HP pumps and
the thermal energy supplied to the vaporizers, divided by the quantity of gas delivered to the pipeline.

* Electricity HP: 3x(electricity usage at 133 MMSCFD) = 0.9 MW x 3 = 2,7 MW
» Heat vaporizers: 67 MW (0,166 MW needed per 1 MMSCFD)
« Send-out gas: 400 MMSCFD. (1 MMSCFD = 1.963 m3/h. 400 MMSCFD = 783 m?/h)

67+ 2.7
783

SEC = = 0.089 MWh/m* = 89 kWh/m®

Operators chose to spread the load across three vaporizers rather than two. Running 400 MMSCFD
across only two vaporizers would cause a larger pressure drop and consequently a greater temperature
drop, requiring substantially more heat to maintain the outlet gas temperature. Three vaporizers there-
fore results in lower heat duty and higher energy efficiency. Since this configuration (three pumps and
three vaporizers) already represents the most energy-efficient feasible option for this send-out level,
SECmin equals 89 kWh/m3, giving a utility score of 1.0.

Operational robustness

* Redundancy: The configuration uses three vaporizers, which also means three glycol pumps
(one pump per vaporizer). If one glycol pump trips, there is no spare unit that can immediately
take over, meaning there is no redundancy in the vaporizer group.

* Ramping capability: In the configuration, each vaporizer still has a buffer of 67 MMSCFD to
maximum capacity of 200 MMSCFD. The high-pressure pumps are closer to their limit with 2
MMSCFD; but starting an additional pump requires relatively little effort.

Therefore, the configuration is classified as moderate robustness, with a utility score of 0.6.

Operational effort

The forecast of tomorrow goes up so it does require the effort of putting online the second module. It
would not have been a lot of effort if forecast would remain the same or keep growing, but even with
forecast going down and maintenance plans, they would need to switch again. This results in multiple
configuration changes over a short period, which is considered moderate effort.
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Criterion Measured value Score Utility Weight Weighted utility
Energy efficiency 89 kWh/m? High 1.00 0.50 0.50
Operational robustness Ramping capacity available Moderate 0.6 0.35 0.21
Operational effort Some additional actions Moderate 0.8 0.15 0.12
Total 0.83

Table 6.2: Performance and utility assessment of the benchmark configuration for Scenario 1

The configuration of the operators scores 0.83 overall. This score confirms that the operator decision is
of high quality according to the defined criteria, providing a meaningful benchmark against which LLM
recommendations can be compared.

6.3.2. Scenario 2 : Medium demand
The second scenario is shown in Figure 6.3. In this situation, the current nomination is 150 MMSCFD,
which is split over two HP pumps (D & Small) and over one vaporizer (C).

Current situation (150 MMSCFD):

* HP pumps: D (100 MMSCFD) & Small (50 MMSCFD)
* Vaporizers: C (150 MMSCFD)

HP Pump A

0 MMSCFD Vaporizer A
0 MMSCFD

HP Pump B

0 MMSCFD

Vaporizer B
0 MMSCFD
HP Pump C 150
0 MMSCFD mﬁ)
Vaporizer C
150 MMSCFD

HP Pump D
100 MMSCFD

HP Pump Small
50 MMSCFD

Figure 6.3: Scenario 2 : low demand

The next day, the nomination increases to 190 MMSCFD and this nomination level is expected to remain
stable in the coming days. The operators were asked to form their new configuration to meet the new
demand.

All operators responded that they would split the load equally over HP pump C (or A or B) and D (each
95 MMSCFD). This would allow them to use all three vaporizers.

Response operators (190 MMSCFD):

* HP pumps: D (95 MMSCFD) & C (95 MMSCFD)
* Vaporizers: A (47.5 MMSCFD), B (47.5 MMSCFD) & C (95 MMSCFD)



6.3. Phase 3: Benchmark construction 48

Scenario instance 2: evaluation

The operator decision is again evaluated using the framework.

Gate 1: Factual correctness
The configuration of operators of course passes this gates as it refers only to existing pumps and
vaporizers.

Gate 2: Safety
The configuration is checked against the two capacity limits:

» Pump capacity limits: the load per HP pump is 95 MMSCFD which is above the minimum load of
75 MMSCFD and below the maximum load of 135 MMSCFD.

 Vaporizer capacity limits: the loads per vaporizer do not exceed the maximum load of 200 MM-
SCFD.

The configuration satisfies all safety constraints and is considered safe.

Decision category (alignment)

The operator activated 2 pumps and 3 vaporizers. The minimum required to meet a demand of 190
MMSCEFD is 2 (= Npumps,min) PUMps and 1 (= Nyap min) Vaporizers. Substituting these values into
Equation 6.1 yields

R=(2-2)+(3-1)=2.
The benchmark decision therefore falls into the redundant category (R = 2), which serves as the
reference category for the alignment comparison.

Energy efficiency

* Electricity HP: 2 x 0.7 MW (at 95 MMSCFD per pump) = 1.4 MW
» Heat vaporizers: 31 MW
« Send-out gas: 190 MMSCFD = 372.97 m3/h (1 MMSCFD = 1.963 m?/h)

31+14

_ 3 _ 3
37207 = 0.087 MWh/m° = 87 kWh/m

SEC =

this configuration represents the most energy-efficient feasible option for this send-out level. SECmin
therefore equals 87 kWh/m3, giving a utility score of 1.0.

Operational robustness

» Redundancy: The configuration uses three vaporizers, which also means three glycol pumps.
This means that there is no redundancy. If one glycol pump trips, there is no spare unit available,
meaning there is no redundancy in the vaporizer group.

» Ramping capability: In the configuration, each vaporizer has significant buffer capacity. The high-
pressure pumps also have significant buffer capacity.

The configuration provides substantial ramping capability, but no redundancy, therefore the configura-
tion is classified as moderate-high robust.
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Operational effort

The nomination increases from 150 to 190 MMSCFD and is expected to remain stable in the coming
days. The configuration change requires switching from HP pump Small to a large pump and activat-
ing two additional vaporizers. While this involves some actions, the stable outlook means no further
changes are expected soon. The configuration is therefore considered moderate effort.

Criterion Measured value Score Utility Weight Weighted utility
Energy efficiency 87 kWh/m3 High 1.00 0.50 0.50
Operational robustness Ramping capacity available Moderate-High 0.8 0.35 0.28
Operational effort Some changes Moderate 0.8 0.15 0.12
Total 0.9

Table 6.3: Performance and utility assessment of the benchmark configuration for scenario 2

The operator decision scores 0.9. This score confirms that the operator decision is of high quality
according to the defined criteria, reinforcing the benchmark established in scenario instance 1.

6.3.3. Conclusion

This section has presented the benchmark of current operator decision-making practice for the two se-
lected scenario instances. In both instances, all operators converged on the same decision, confirming
that the benchmark is a reliable reference point.

The benchmark configurations score 0.83 and 0.90, indicating a high-quality decision according to
the defined criteria, that are expert-derived. A high score does not establish that these decisions are
optimal: with no ground truth there is no defined optimum to measure against. And the satisficing
argument established in chapter 3 shows that operators might select workable configurations based on
experience rather than systematically optimising across all criteria. It therefore remains possible that
a higher-scoring configuration exists, even if its existence cannot be confirmed. This is precisely why
the benchmark is used as a reference point rather than a target. In section 7.2, LLM recommendations
are evaluated against this reference.

6.4. Conclusion

This chapter has operationalised the first three phases of the framework for the EXMAR FSRU. Phase
1 selected the regasification configuration decision as the operational scenario and defined it through
a decision information card. Phase 2 translated operator knowledge, elicited through CTA-based inter-
views, into the alignment categories, the safety gate and the three weighted quality criteria, producing
the concrete evaluation tool. Phase 3 used that tool to score current operator practice, establishing a
benchmark of 0.83 and 0.90 across the two instances.

Together these phases have yielded an evaluation tool grounded in operator knowledge and a bench-
mark against which to assess it. chapter 7 applies the remaining two phases: it designs the LLM prompt
configurations (phase 4) and runs them through the evaluation (phase 5), comparing the resulting rec-
ommendations against the benchmark established here.



Application of framework for EXMAR

This chapter applies the remaining two phases of the framework to the EXMAR FSRU, building on the
evaluation tool operationalised in chapter 6. section 7.1 covers phase 4, designing the LLM prompt
configurations that generate the recommendations to be evaluated. section 7.2 covers phase 5, run-
ning those recommendations through the evaluation to drive a second prompt iteration in section 7.3.
Together with the previous chapter, this completes the application of the framework and the second
deliverable of the research.

7.1. Phase 4 : Prompt design

This section presents the prompt configurations developed and executed as part of phase 4, following
the method described in section 4.4. The objective is to generate LLM-based recommendations for
the selected scenario instances, which serve as input for the evaluation in section 7.2. The section
first describes the base prompt and how it is constructed, then introduces the three dimensions along
which prompts are varied and the justification for each, then presents the experimental design, and
finally describes how the outputs are collected.

7.1.1. Base prompt

All configurations share a common base prompt that defines the decision problem itself: the operator
role, the available equipment and its constraints, the decision variables, the objective, and the required
output format. Because every configuration is built on top of it, it is constructed by the iterative refine-
ment described in section 4.4. It starts from a minimal prompt and the model is repeatedly asked to list
the information it was missing and the assumptions it would make, and each gap it surfaced is closed
by adding a clarification.

For example, an early version left the pump and vaporizer relationship implicit, so the model assumed
any pump could feed any vaporizer; this led to the explicit group structure being added (HP A/B/C —
Vap A/B; HP D/Small — Vap C). The full base prompt is given in Appendix A.

7.1.2. Prompt dimensions
On top of the base prompt, three main dimensions are varied in this research to make the LLM prompts:

50
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* Information provision:

— 11: no explicit performance criteria
— 12: inclusion of performance criteria
— 13: inclusion of performance criteria with relative importance

» Reasoning structure:

— R1: direct recommendation
— R2: explicit comparison of multiple options before selection
— R3: step-wise reasoning across multiple prompts

+ Examples:

— E1: no examples

— E2: examples

These dimensions are selected because they operationalise key elements through which prompt de-
sign influences LLM behaviour, as identified in the literature. First, the information provision reflects
how the evaluation criteria are provided to the model. In operational and optimization contexts, LLMs
often struggle to identify and balance objectives when these are not explicitly defined [26]. Providing
performance criteria (12), and especially their relative importance (13), should reduce ambiguity and
help the model navigate trade-offs between competing objectives. This aligns with approaches which
emphasize that explicitly defining the objective structure is essential for guiding the model toward high-
quality solutions [26].

Second, the reasoning structure dimension captures how the task is decomposed and how the model
is guided in its reasoning process. Moving from direct recommendation (R1) to comparison (R2) and
step-wise multi-prompting (R3) reflects increasing levels of task decomposition. Literature shows that
decomposing complex decision problems into intermediate steps enables more targeted reasoning and
improves performance [26]. For example, frameworks such as OR-LLM-Agent and LLMFP demon-
strate that separating tasks into stages, such as option generation, evaluation and selection, helps the
model better handle constraints and multi-objective trade-offs [26], which corresponds to R3.

Third, the use of examples represents a form of learning, where the model is provided with demonstra-
tions of desired behaviour. Prior work shows that few-shot prompting significantly improves both the
quality and consistency of LLM outputs compared to zero-shot (no example) approaches [20].

Together, these three dimensions are selected because they directly correspond to how LLMs process
tasks: what information they receive (information provision), how they reason (task definition), and how
they generalize expected behaviour (examples).

7.1.3. Experimental design

The three dimensions and their levels are combined into a full factorial experimental design. Two con-
figurations, C5 and C6 are removed because R3 is not compatible with 11. The resulting experimental
design is shown in Table 7.1.

Each configuration is run for both scenario instances. To ensure independence and reproducibility,
each prompt is executed in a new session without conversational memory. For each prompt, the LLM
generates a recommendation consisting of the selected operational configuration and, depending on



7.1. Phase 4 : Prompt design 52

Configuration Information provision Reasoning structure Examples

C1 11 R1 E1
C2 11 R1 E2
C3 11 R2 E1
Cc4 11 R2 E2
Cc7 12 R1 E1
C8 12 R1 E2
C9 12 R2 E1
Cc10 12 R2 E2
C11 12 R3 E1
C12 12 R3 E2
C13 13 R1 E1
C14 13 R1 E2
C15 13 R2 E1
C16 13 R2 E2
C17 13 R3 E1
C18 13 R3 E2

Table 7.1: Experimental design: prompt configurations

the prompt structure, the associated reasoning process. For configurations with structured reason-
ing (R2 and R3), intermediate outputs such as generated alternatives and comparison steps are also
recorded. The complete set of prompt configurations, including the full prompt texts and all generated
outputs, is provided in Appendix A.

Example prompt

To make the design choices above concrete, Figure 7.1 shows a shortened prompt (C14: 13-R1-E2).
The base prompt, shared across all configurations, defines the operational scenario, system constraints,
decision variables and required output format. The dimension-specific building blocks are then layered
on top: the criteria and their relative importance (13), a direct-recommendation instruction (R1), and an
example of a previous configuration decision (E2).
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[Role + base prompt --- shared across all configurations]
You are an experienced FSRU operator.
Your task is to determine the optimal configuration of:

* number of high-pressure pumps
* pump load (MMSCFD)

* number of vaporizers

* vaporizer load (MMSCFD)

Objective: Meet required send-out demand.
The final answer must follow this template:
Equipment and constraints:

¢ HP pumps A, B, C, D: 75--135 MMSCFD; Small: 38--65 MMSCFD
¢ Vaporizers A, B, C: 0--200 MMSCFD
* Minimum outlet temperature: 4°C
* Heat duty: 0.166 MW/MMSCFD
¢ Group structure:
— HP A/B/C — Vap A/B
— HP D/Small — Vap C

[Scenario instance]

Current: 300 MMSCFD on HP A, B, C and Vap A, B (equally loaded).
Tomorrow: 400 MMSCFD.

Day after: back to 300 MMSCFD, Vap B unavailable.

Seawater not warm enough --- closed-loop.
Provide the recommended configuration for tomorrow only.
[Information provision --- I3]

Consider when providing the recommendation:

¢ Safety is non-negotiable.

* Among safe options, energy efficiency is the primary objective.

¢ When efficiency differences are small, prefer more robust configurations.
¢ High-effort configurations should be avoided unless strongly justified.

[Reasoning structure --- R1]

Provide the recommended configuration directly.
[Examples --- E2]

Example 1: 50 MMSCFD --- HP Small (50) + Vap C (50)

Example 2: 150 MMSCFD --- ..
Example 3: 550 MMSCFD --- ..

Figure 7.1: Structure of a representative prompt configuration (C14: 13-R1-E2). The base prompt and scenario instance are
shared across all configurations; the lower blocks vary according to the experimental design.

7.1.4. Conclusion

This section has presented the three prompt dimensions varied in this research, information provision,
reasoning structure and use of examples, and the experimental design constructed from their combina-
tions. Because this is the framework’s first application to EXMAR, the transferable prompt-design layer
described in chapter 5 starts empty: the prompts here are constructed from literature rather than by
prior recommendations. The qualitative reasoning analysis in phase 5 then produces the first findings
for this layer, which feed back to refine the prompts in a second iteration. The complete prompt texts
and generated outputs for both scenario instances are provided in Appendix A. section 7.2 evaluates
these outputs using the tool operationalised in chapter 6 and compares them against the benchmark
established there.

7.2. Phase 5 : Evaluation and interpretation
This section runs the recommendations from phase 4 through the evaluation framework, applying the
architecture set out in chapter 5: each recommendation passes two entry gates, is assessed on two
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parallel tracks, decision alignment and decision quality, and is placed on the matrix that forms the
framework’s output. The recommendations from section 7.1 are the input, and the operator benchmark
from chapter 6 is the reference point.

The qualitative findings then feed the refinement loop: a second iteration of prompt configurations,
presented in section 7.3, which targets the weaknesses identified in the first round and re-runs them
through the same framework.

7.2.1. Two gates

Before a recommendation is assessed on alignment or quality, it must pass the two entry gates defined
in chapter 5: factual correctness and safety. Only recommendations that pass both are evaluated
further.

Gate 1: Factual correctness

The first gate checks whether a recommendation refers to real components in physically possible con-
figurations, rejecting hallucinated equipment or values outside possible ranges. Two configurations fail
this gate: C13 and C17 ininstance 2. They refer to hallucinated components or a hallucinated structure
of the model.

Gate 2: Safety

As established in section 6.2, safety is operationalised as compliance with operational limits, namely
with pump capacity limits and vaporizer capacity limits. A configuration that violates any of these limits
is considered unsafe and is excluded from further analysis, as unsafe operation cannot be justified by
improvements on other criteria.

In both scenario instances, C3 and C12 violate safety limits and are excluded. Additionally, C7 violates
safety limits in instance 1 only and C16 in instance 2. It is not possible to identify a clear pattern
from these results alone as the safety violations occur across different information provision levels and
reasoning structures. This requires a more detailed analysis of the reasoning process of the LLM,
addressed in Table 7.2.3.

The recommendations that pass both gates proceed to the two evaluation tracks and are shown in
Figure 7.2 .



7.2. Phase 5: Evaluation and interpretation 55
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Figure 7.2: Gates: recommendations passed and rejected

7.2.2. Expert decision alignment

This section presents the results of the decision alignment analysis. Alignment is assessed using the
two previously identified approaches: category-based alignment through the F1-score and variable-
level alignment through Mean Signed Error (MSE) and Spearman’s p, shown in Figure 7.3.

Alignment Quality
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Combined alignment e — Combined quality
High/Low High/Low

Figure 7.3: Quality and alignment tracks

Alignment is assessed only for configurations that produced a valid recommendation in both scenario
instances. Configurations rejected at a gate do not enter the evaluation tracks for the instance in which
they are rejected, so no alignment value exists for that instance. C3, C12 and C13, rejected in both
instances, are therefore excluded from the alignment analysis entirely. C7, C16 and C17, rejected in
one instance only, are also excluded here: with a single valid instance their metrics would rest on one
data point and could not be compared on the same basis as the others. These configurations are still
scored on decision quality for the instances they passed. The analysis below therefore covers the ten
configurations that passed both gates in both instances.

Even for these, with only two scenario instances, the results need to be interpreted with caution. The
F1-score is sensitive to individual predictions at this sample size, which is elaborated upon later. Also,
Spearman’s p requires a sufficient number of instances to be statistically meaningful. With only two
scenario instances, p and its p-value cannot be calculated. MSE, however, does not require statistical
significance testing, so this serves as the main metric in this section. These results are therefore
exploratory and intended to identify early patterns across configurations.

Category-based alignment: Fl-score

Table 7.2 presents the precision, recall and F1-score for each prompt configuration. The expert deci-
sions correspond to redundancy categories R = 1 (slightly redundant) for instance 1 and R = 2 (redun-
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dant) for instance 2. This gives an indication that operators prefer to maintain moderate spare capacity.
Any configuration that does not reproduce any of these categories, receives an F1-score of zero.

The results show that the majority of configurations receive an F1-score of zero. This shows that the
LLM does not reproduce the expert’'s strategy in either instance. C4 and C18 achieve the highest
F1-score of 0.5 and C11 and C14 reach 0.333. These early patterns suggest that configurations with
explicit criteria and structured reasoning are more likely to reproduce the expert’s decision. This is
expected as providing the model with expert-informed criteria and a more elaborate reasoning should
guide it towards more aligned recommendations. The variable-level analysis below provides a more
detailed picture of where alignment occurs and where it does not.

However, as mentioned before, these results must be interpreted with caution. With only two scenario
instances, a single correctly predicted category is sufficient to produce an F1 of 0.333 or higher.

Configuration Precision Recall F1

C1 0.000 0.000 0.000
C2 0.000 0.000 0.000
C4 0.500 0.500 0.500
C8 0.000 0.000 0.000
C9 0.000 0.000 0.000
C10 0.000 0.000 0.000
C11 0.250 0.500 0.333
C14 0.250 0.500 0.333
C15 0.000 0.000 0.000
C18 0.500 0.500 0.500

Table 7.2: Category-based alignment results per configuration

Variable-level alignment

Table 7.3 presents the variable-level alignment results for V1 (number of active pumps) and V'3 (number
of active vaporizers) across all configurations. As established in section 6.2, these are the two decision
variables chosen for the selected scenario.

V1: number of active pumps

The results reveal a pattern of over-recommendation on V1 across most configurations. The majority
of configurations produce a positive MSEy 1, indicating that the LLM activates more pumps than the
expert on average. Only C1 and C2 achieve MSEy,; = 0, meaning these configurations have the same
number of pumps in both instances. All remaining configurations either partially or fully miss the expert
decision on V1, with MSE values ranging from 0.5 to 1.0.

In practice, this over-recommendation of pumps, has several implications. From an energy efficient
perspective, more pumps increases electricity consumption. From a robustness perspective, the addi-
tional pumps might provide a redundancy benefit. From an effort perspective, additional pumps might
require more actions. These are further examined in the section on decision quality.

V3: number of active vaporizers

Alignment on V3 is stronger than on V1 across the majority of configurations. Five configurations
(C4, C10, C11, C14, and C18 ) achieve MSE 3 = 0, indicating complete alignment with the expert
on vaporizer count in both instances. Two configurations (C8 and C9) show partial alignment. Only
C1 and C2 show poor alignment on V3, with MSE 3 = —1.5, indicating a tendency to under-activate
vaporizers relative to the expert.
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Combined pattern

Taken together, the V1 and V'3 results reveal that configurations that achieve perfect alignment on V1
(C1, C2) tend to perform poorly on V3, while configurations with perfect V3 alignment (C4, C10, C11,
C14, C18) consistently over-recommend on V1.

V1 (pumps) V3 (vaporizers)

Configuration MSE MSE
C1 0.0 -1.5
C2 0.0 -1.5
C4 1.0 0.0
Cs8 0.5 -1.0
C9 0.5 -0.5
C10 1.0 0.0
C11 0.5 0.0
C14 0.5 0.0
C15 1.0 -1.0
C18 0.5 0.0

Table 7.3: Variable-level alignment results per configuration (MSE only)

As said in the beginning, these are just exploratory findings and therefore cannot say anything definitive
due to the low number of scenario instances. More scenario instances should be generated to make
it meaningful. However, some patterns can be observed, suggesting that the variable-level analysis
provides meaningful insight even at this early stage.

7.2.3. Decision quality evaluation

In the previous section, alignment with expert decision is analyzed, but this does not yet indicate
whether the LLM recommendations are of high-quality. As an operator’s decision itself may be sub-
optimal due to satisficing. Therefore, an analysis of the decision quality is done in this section, using
the evaluation tool operationalised in section 6.2 and shown in Figure 7.3.

The recommendations that passed both gates are scored on the three quality criteria: energy efficiency,
operational robustness and operational effort. Each recommendation is assigned a utility score per
criterion, which is then combined with the corresponding criterion weight to calculate the total weighted
score per configuration. This is done for both scenario instances. The results are shown in Table 7.4
and Table 7.5. First, a quantitative analysis is done, only considering the score, next, an additional
qualitative analysis of the reasoning process is conducted.

Quantitative analysis

Overall performance

This section analyses the total scores the configurations that passed the gates, across both scenario
instances. It assesses how prompt design influences recommendation quality and how LLM perfor-
mance compares to the operator benchmark. It moves from overall scores to the individual criteria to
identify which dimensions drive the differences between configurations.

The analysis is based on two scenario instances. While this limits statistical conclusiveness, the in-
stances were deliberately selected to represent different operational conditions. The findings should
therefore be understood as indicative, these should be further investigated and confirmed using a larger
set of scenario instances.
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Configuration [I-R-E Efficiency Robustness Effort Total
Benchmark - 1.00 0.60 0.80 0.83
C1 1-R1-E1 0.16 0.40 0.10 024
Cc2 11-R1-E2 0.16 0.40 0.10 0.24
C4 11-R2-E2 0.91 0.80 0.10 0.75
C8 12-R1-E2 0.98 0.80 0.80 0.89
C9 12-R2-E1 0.98 0.80 0.10 0.79
Cc10 12-R2-E2 0.96 0.80 0.10 0.78
C11 [2-R3-E1 0.98 0.80 0.80 0.89
Cc14 I13-R1-E2 0.98 0.80 0.80 0.89
C15 13-R2-E1 0.94 0.80 0.10 0.77
C16 I3-R2-E2 0.98 0.80 0.10 0.79
Cc18 I3-R3-E2 1.00 0.60 0.80 0.83

Table 7.4: Scoring per criterion per configuration (Scenario instance 1)

Configuration I-R-E Efficiency Robustness Effort Total
Benchmark - 1.00 0.80 0.80 0.90
C1 11-R1-E1 0.15 0.80 1.00 0.51
C2 11-R1-E2 0.15 0.80 1.00 0.51
C4 1-R2-E2 1.00 0.80 0.80 0.90
C7 12-R1-E1 0.15 1.00 0.10 044
C8 12-R1-E2 0.15 0.80 1.00 0.51
C9 12-R2-E1 0.15 1.00 0.10 044
Cc10 12-R2-E2 0.88 0.80 0.80 0.84
C11 12-R3-E1 1.00 0.80 0.80 0.90
Cc14 I13-R1-E2 1.00 0.80 0.80 0.90
C15 13-R2-E1 0.15 0.80 1.00 0.51
Cc17 I3-R3-E1 0.15 1.00 0.10 044
Cc18 I3-R3-E2 0.88 0.80 0.80 0.84

Table 7.5: Scoring per criterion per configuration (Scenario instance 2)

Benchmark performance As analyzed in section 6.3, the benchmark has a score of 0.83 for instance
1 and 0.90 for instance 2. These scores are among the highest observed across all evaluated config-
urations. This confirms that the benchmark, the operator decision, is of high-quality according to the
evaluation tool. This is expected as the evaluation tool is based on operator knowledge, as explained
in section 6.2.

At the same time, several LLM-generated configurations achieve similar or even higher scores. In
scenario instance 1, three configurations reach a score of 0.89, which are analyzed later. In scenario
instance 2, three configurations match the benchmark score of 0.90. This suggests that, under certain
prompt designs, the LLM is capable of generating recommendations that are comparable to expert
decisions in terms of evaluated performance.

LLM configurations performance First, the results show variation in total utility scores between con-
figurations, indicating that prompt design has a significant impact on the quality of the generated rec-
ommendations. This is consistent with existing literature [20].

Starting from the lower anchor, configurations without explicit performance criteria and with direct rea-
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soning (C1 and C2, 11-R1) consistently achieve the lowest scores in both scenario instances, with total
scores of 0.24 in instance 1 and 0.51 in instance 2. This is expected as these prompts provide the LLM
without any explicit objectives other than meeting send-out demand.

Introducing performance criteria (12 and I13) generally leads to higher scores. Several configurations in
these categories achieve scores close to or equal to the benchmark. This shows that explicitly defining
evaluation criteria improves the model’s ability to generate higher-quality recommendations.

The effect of reasoning structure is less consistent. While some configurations with structured reason-
ing (R2 and R3) achieve high scores, others result in lower performance. This indicates that increas-
ing reasoning complexity does not necessarily lead to better outcomes and may introduce additional
sources of error, which is further analyzed in the qualitative section.

To get more insight into these differences, the performance across the individual evaluation criteria is
analyzed next.

Performance across criteria

The total scores are decomposed into the three criteria identified in section 6.2: energy efficiency,
robustness, and operational effort. The complete prompt configurations and their generated outputs
are provided in Appendix A.

Energy Efficiency As established in section 6.2, energy efficiency is operationalised as the specific
energy consumption (SEC) of the regasification process. This is the total energy required per unit
of gas delivered, combining pump electricity and vaporizer heat duty. A lower SEC corresponds to a
higher utility score, with a score of 1.0 indicating the most efficient feasible configuration for the given
send-out level. Energy efficiency is, with a weight of 0.50, the main driver of the differences in total
score.

From the scores, it is clear that C1 and C2 have a low efficiency scores in both instances. As these
configurations do not include performance criteria (11), this outcome is expected, since the model is
not asked for optimizing for efficiency. In contrast, C4, also not having criteria (I1), does produce high
efficiency scores (0.91 and 1). This could be explained by the addition of structured reasoning (R2),
which requires the model to compare multiple options. This comparison process could encourage the
model to favor configurations that perform better in terms of energy efficiency, even without explicitly
defined criteria.

Configurations that include performance criteria (12 and 13) generally achieve high efficiency scores in
instance 1. Most score above 0.90, meaning their SEC is within approximately 5% of the most efficient
feasible option. The main source of variation among these configurations is pump selection: since heat
duty dominates overall energy consumption, differences in pump electricity consumption produce only
small differences in total SEC. So most high-performing configurations activate one additional pump,
incurring a small penalty on energy efficiency. The exception is C18, which is the only configuration to
achieve a perfect efficiency score of 1.00. This indicates that providing explicit objectives, enables the
LLM to identify options with lower energy consumption.

In instance 2, however, several configurations that score well in instance 1: C7, C8, C9, C15 and C17,
drop in efficiency. This collapse in configurations that do include criteria shows that explicit criteria
raise efficiency on average but do not guarantee it consistently across instances, a variability examined
further in the qualitative analysis.

Robustness Robustness scores vary depending on how configurations balance redundancy and flex-
ibility. Configurations that include additional equipment, such as an extra pump, generally achieve
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higher robustness scores due to increased redundancy. As already mentioned in energy efficiency,
configurations in instance 1 often use an extra pump. Therefore, they consistently score high on ro-
bustness.

The configurations that match or even exceed the high benchmark score in total, often accept a small
reduction in energy efficiency by operating an additional high-pressure pump, thereby improving their
robustness score. For example, C8, C11 and C14 all score 0.89 in instance 1 by activating one extra
pump, achieving 0.98 on efficiency and 0.80 on robustness, compared to the benchmark’s 1.00 on
efficiency and 0.60 on robustness.

However, this also reveals a limitation. Although the increase in energy consumption is relatively small,
operators may still avoid such configuration in practice due to factors not captured in the evaluation
criteria, such as equipment wear for example. This highlights that, while the scoring captures key
performance dimensions, it may not fully reflect all practical and tacit knowledge influencing operator
decisions. This is important when interpreting scores that exceed the benchmark.

Operational effort As established in section 6.2, operational effort reflects the actions required to
implement a configuration. A lower effort score indicates a configuration requiring more implementation
actions, which operators are less likely to adopt unless justified by clear benefits on other criteria.

Operational effort does not show a clear pattern linked to certain prompt designs. The expectation was
that configurations with 12 would have higher scores, as 12 does not disclose the low relative importance
of operational effort. 13, which includes the relative importance, was expected to have lower scores for
effort as it was expected that it would focus more on optimizing the other criteria with a higher relative
importance. However, this cannot not be observed in the results.

Conclusion

Overall, the quantitative results demonstrate that prompt design influences the quality of LLM-generated
recommendations, which is consistent with existing literature [20]. The main patterns observed are the
following.

The benchmark achieves high scores in both instances, confirming that expert decisions perform well.
At the same time, several LLM-generated configurations achieve comparable or even higher scores. A
common pattern among these high-performing configurations is that they accept a small reduction in
energy efficiency by operating additional equipment, thereby increasing robustness. While this leads
to higher scores within the scorecard, it may not fully reflect operator preferences in practice, where
additional considerations such as equipment wear or operating hours play a role.

No single prompt configuration consistently outperforms the others across both scenario instances. As
expected, configurations without explicit performance criteria and with direct reasoning (C1 and C2)
produce the lowest scores. Introducing performance criteria generally improves performance, while
the effect of reasoning structure is less consistent: structured reasoning (R2 and R3) sometimes raises
scores by enabling better comparison of alternatives, but its added complexity can also produce unsafe
recommendations that are rejected at the safety gate.

Operational effort appears to play a limited role in differentiating configurations, which is consistent with
its relatively low weight in the evaluation scorecard. No clear pattern is observed linking this criterion
to specific prompt designs.

As noted at the beginning of this section, the analysis is based on only two scenario instances. While
several patterns can be observed, these results should be interpreted with caution and cannot be
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considered definitive. A larger set of scenario instances would be required to confirm these findings.
To further investigate the observed behaviour and better understand the underlying causes of these
patterns, the next section complements the quantitative analysis with a qualitative evaluation of the
LLM’s reasoning process. As a high score can still result from wrong reasoning that just happens to
produce a good output.

Qualitative analysis

The quantitative scores reveal what the LLM recommends, but not why. A high score is only meaningful
if it reflects sound reasoning. A configuration that scores well through flawed reasoning will not perform
reliably. The qualitative analysis therefore complements the quantitative scorecard, examining the
reasoning process.

It does two things the scorecard alone cannot. First, it tests whether a given score reflects sound
reasoning rather than a correct output reached by flawed logic, which is what determines whether the
score can be trusted. Second, it identifies possible failure modes in how the LLM interprets the decision
that only become visible by reading its reasoning.

The analysis is structured as six learnings. Each describes a recurring observed reasoning pattern, its
operational implications, and a concrete recommendation for immediate improvement. These recom-
mendations are the input to the refinement loop: they inform the second iteration of prompt configu-
rations in section 7.3, where the framework is used to test whether the identified weaknesses can be
resolved.

Learning 1: simple and direct prompts produce safe and stable results, but limited reasoning
Direct recommendation prompts (R1), especially C1 and C2, tend to generate one feasible option
quickly rather than exploring alternatives. They usually identify a safe grouping correctly and tend to
start from the current operating configuration, selecting a similar option that satisfies demand.

These prompts generally choose simple solutions and avoid spreading load across too many units,
which increases complexity. In both scenario instances, C1 selects the already operating group be-
cause it can meet demand and therefore keeps it as the final recommendation. C2 shows similar
behaviour, indicating that examples for direct prompts do not necessarily change the final recommen-
dation or reasoning.

The main advantage of these prompts is that the outputs satisfy the safety constraints. However, be-
cause the model stops once it has found a feasible option, it rarely reasons about whether another
option could perform better. This is logical because the model is not explicitly told what "better” is. Al-
though, implicitly the prompt does give information on energy usage by giving the heat consumption.
For example, in instance 2, C1 does recognize the additional heat duty needed for operating C alone,
but it does not reason that another configuration might be able to reduce this heat. In contrast, C7,
which differs from C1 mainly because criteria are included, avoids this additional heat requirement.

This validates the low scores C1 and C2 received on the scorecard: because the reasoning never
reaches past the first feasible option, their low score is a reflection of how the recommendation was
formed.

Recommendation: This suggest that future prompts should encourage the model not to stop at the
first feasible configuration, but to continue comparing alternatives until the most preferable configuration
has been identified.

Learning 2: Reasoning prompts improve trade-off analysis, but increase confusion
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Prompts with R2, such as C3, C4, C9 and C15, introduce richer reasoning because the model is first
asked to compare multiple options before making a recommendation. This produces improvement, but
also new failures compared to R1.

On the positive side, R2 configurations generate more explicit trade-off reasoning. Even configurations
without explicit criteria (C3 and C4) identify their own comparison dimensions, such as redundancy,
heat requirement, flexibility and simplicity, to evaluate options against each other. This shows that
the model naturally tends to use criteria when comparing alternatives, which supports the decision to
introduce explicit criteria in later configurations (C7—C18).

However, R2 also introduces limitations. Across most configurations: the same three options tend to
reappear: only using group 1, a hybrid option, only using group 2. This already expands the reasoning
compared to R1. However, the range of options remains limited because the model usually generates
only one option within each category, even though multiple variants are possible, especially within the
hybrid category. The selection of these options also seems somewhat arbitrary, as the models does
not explain why it chooses this one specific hybrid option. In addition, one of the categories is often
infeasible. For example, in instance 1, Group 2 alone cannot satisfy demand, which means only two
realistic options remain according to the model. This further limits the usefulness of the comparison.

Recommendation: This suggests that future prompts should encourage the model to generate multi-
ple options within each category and give reasons why.

A second issue is that R2 introduces more safety violations and inconsistencies than R1. Sometimes
the model identifies one option as best during the comparison stage but then provides a different final
recommendation. This suggests that forcing the model to first generate options and then select one
creates confusion. R3, such as C11 and C12, shows that step-wise prompting can improve verification.
Because the reasoning is separated into different stages, the model is sometimes able to identify that
certain options exceed limits and correct these issues in a later prompt.

Learning 3: Criteria improve optimization, but can lead to errors

Configurations with explicit criteria, C7-C12, show that criteria help the model reason more about which
configuration is preferable. For example, in C7, the model avoids the extra heat requirement that was
still present in C1.

However, the criteria also have a second effect: the model starts trying to satisfy the criteria too strongly.
This can lead to violating safety constraints or hallucinations to fit the criteria better. For example in C13,
the model first identifies correct vaporizer loads, but then later changes them in an attempt to better
satisfy the criteria, resulting in the exclusion by hallucination. Also C16 and C17 include infeasible
configurations.

Recommendation: Future prompts should explicitly remind the model that safety constraints are non-
negotiable and take precedence over criterion optimisation. Stronger verification instructions should
be included to prevent the model from generating infeasible configurations.

At the same time, even with explicit criteria, the model sometimes falls back to the simplest option.
Because the relative importance between criteria is not yet provided in C7-C12, the model can often
justify multiple recommendations. C11, which uses R3, handles this somewhat better. Instead of
making a strong final choice, it explicitly frames the decision as a trade-off. For example, it says that if
safety and robustness are more important, one option should be chosen, whereas if efficiency is more
important, option 2 should be preferred. This is actually a useful characteristic for a decision-support
system, because it leaves the final trade-off to the operator. At the same time, it also strengthens
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the argument for introducing relative importance in 13, since otherwise different operators may apply
different priorities and reach different conclusions.

Learning 4: The model consistently prefers conservative solutions

Across many configuration such as C1, C3, C4, C7, C11, C14, there is a repeated tendency for the
model to introduce qualitative safety-margin reasoning, even when not explicitly instructed to do so. It
suggests the model is not only checking hard limits, but also considering how close the configuration is
to those limits. It therefore often prefers avoiding operation close to maximum capacity. For example;
in several configurations the model describes options as "safe but with tight margins”, in C14 it is
explicitly stated as an assumption, in C13, the model explicitly states that it prefers loading around 50%
of maximum capacity.

This behaviour aligns with literature suggestion that LLMs often prioritize safety more strongly than
human operators [53]. In the EXMAR context, as established in subsection 6.2.2, the operational limits
already incorporate a conservative safety margin below the physical limits of the equipment. Operating
at or near the stated limit is therefore acceptable and does not require additional margin.

Recommendation: Future prompts should explicitly inform the model that the stated capacity limits
already reflect a conservative design margin, and that operating at or near these limits is considered
safe and acceptable.

Learning 5: Relative importance (I13) alone is not enough, the model still needs more guidance
on how to apply it

Configurations with 13, like C13, C14, and C15, show that introducing relative importance does improve
the model’s awareness of trade-offs. For example, in C13 instance 2, the model correctly identifies that
the hybrid option is best for energy and robustness, the two most important criteria.

However, the relative importance is not always applied in a structured or transparent way. In both C13
and C14, it does not explicitly mention how the relative importance influenced its recommendation.

Compared to C13 and C14, C15 becomes more structured and uses the criteria more explicitly. How-
ever, even in C15 Instance 2, the model knows that the hybrid option is best for energy efficiency
and also knows that energy efficiency is more important, but still prefers the simpler option because it
performs better on operational effort.

This suggests that the model may understand which criteria are more important, but does not naturally
translate this into a clear ranking or scoring process. It also suggests that the model still has a natural
tendency to prefer simpler and lower-effort solutions, even when these conflict with the stated priorities.

Recommendation: Future prompts should explicitly require the model to discuss for each criterion
how its relative importance influenced the final recommendation.

Learning 6: The model is often better at analysis than at final selection

C17 is particularly interesting because the model often identifies the “correct” trade-offs during the
reasoning, but then chooses a different final option. This suggests that the model is often capable of
identifying which option performs best on the most important criteria, but sometimes fails to convert
that analysis into a final recommendation.

This may actually be one of the strongest findings, because it indicates that the main weakness is not
necessarily in the trade-off reasoning itself, but in translating that reasoning into a final decision. At
the same time, this is not necessarily a bad characteristic for a decision-support system. Rather than
making the final decision itself, the model may be more useful in helping the operator understand the
trade-offs between options.
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Recommendation: This suggests that future prompts could also explore a different role for the model,
where it does not provide one final recommendation, but instead presents the best options, their trade-
offs, and the reasons why one option may be preferred over another. If a final recommendation is still
required, future prompts should explicitly state that the final recommendation must remain consistent
with the relative importance of the criteria, and throughout the whole reasoning process.

Conclusion

The qualitative analysis has identified six recurring reasoning patterns across the evaluated configu-
rations, each revealing a specific aspect of how prompt design influences the LLM’s behaviour in the
EXMAR operational context. Together, they explain the quantitative differences observed in the previ-
ous section and point to concrete directions for prompt improvement.

The six corresponding recommendations are:

1. Recommendation 1: Compare alternatives until most preferable configuration has been identified
(R1)

2. Recommendation 2: Generate multiple options within each category and give reasons why (R2
& R3)

3. Recommendation 3: Safety constraints must remain binding while optimizing the criteria and
include stronger verification instructions

4. Recommendation 4: Additional margin does not automatically make a configuration safer
5. Recommendation 5: Explicitly discuss how each criterion contributes to the final recommendation

6. Recommendation 6: Final recommendation must remain consistent with the relative importance
of the criteria, and throughout the whole reasoning process.

Taken together, these reasoning patterns also complete the quality verdict. As established earlier,
the quantitative score sets the quality level and the qualitative analysis validates whether that level is
trustworthy. The two agree across the configurations. The low scorers (C1, C2, C8, C9, C15) score
poorly because their reasoning is genuinely weak, stopping at the first feasible option (Learning 1)
or comparing inconsistently (Learning 2), so their low scores reflect the flawed reasoning. The high
scorers reach their scores through sound comparison and trade-off reasoning, with no case where a
strong score rests on the flawed reasoning of Learning 3 or 6; the one configuration where it does, C13,
is already rejected at the gates. The combined quality verdict carried into the interpretation matrix is
therefore the quantitative score confirmed by the reasoning behind it.

These recommendations are the input to the refinement loop between phase 4 and phase 5. They
inform a second set of prompt configurations, presented in section 7.3, which does not replace the
existing experimental design but extends it by targeting the identified failure modes directly. This tests
whether the weaknesses can be resolved through targeted prompt improvements.

The analysis also illustrates a strength of the quality assessment itself. By examining reasoning rather
than only scores, it explains why a configuration performs as it does. Not just whether its output is
good, but whether the reasoning behind it is sound.

7.2.4. Matrix
The preceding sections have completed one full pass through the framework: the recommendations
are taken through the two gates, and those that passed are assessed on alignment and quality. The
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framework’s output, however, is neither track on its own but their combination on the matrix introduced
in chapter 5. This section combines the two verdicts into a final output.

As in the alignment analysis, only configurations evaluated in both scenario instances are placed on
the matrix. Configurations rejected at a gate in either instance (C7, C16, C17) or in both (C3, C12,
C13) are therefore not included, leaving the ten configurations that produced a valid recommendation
in both instances.

From scores to verdicts

Each configuration receives a category on alignment and quality: high or low, following chapter 5.

For quality, a configuration is judged high if it scores around the benchmark, and low otherwise. A
configuration counts as high quality if it is high in both instances. C8 illustrates this: it scores 0.89 in
instance 1, above several high-quality configurations, but only 0.51 in instance 2, so gets a low ver-
dict. This is deliberate as consistency across instances is itself part of what makes a recommendation
trustworthy.

For alignment, MSE is used. The verdict rests on the two decision variables, with V3 (vaporizer count)
treated as the dominant one, since it drives heat duty and the redundancy category. A configuration is
judged high when it reproduces V3 exactly and diverges on V; (pump count) by at most one pump in one
of the two instances (MSEy, < 0.5). It is judged low when it misses V3, or reproduces V3 but diverges
on V; systematically. This separates a small pump difference from the persistent pump over-activation
identified earlier.

Table 7.6 applies these rules to the ten configurations.

Quality Alignment

Config Inst 1 Inst 2 Verdict MSEy; MSEy; Cell

C11 0.89 (H) 0.90 (H) High 0.5 0.0 High-Q / High-A
Cc14 0.89 (H) 0.90 (H) High 0.5 0.0 High-Q / High-A
C18 0.83 (H) 0.84(H) High 0.5 0.0 High-Q / High-A
C4 0.75(H) 0.90 (H) High 1.0 0.0 High-Q / Low-A
Cc10 0.78 (H) 0.84 (H) High 1.0 0.0 High-Q / Low-A
C1 0.24 (L) 0.51 (L) Low 0.0 -1.5 Low-Q / Low-A
C2 0.24 (L) 0.51(L) Low 0.0 -1.5 Low-Q / Low-A
C8 0.89 (H) 0.51(L) Low 0.5 -1.0 Low-Q / Low-A
(04¢] 0.79 (H) 0.44 (L) Low 0.5 -0.5 Low-Q / Low-A
c15 0.77(H) 051(L) Low 1.0 1.0  Low-Q/Low-A

Table 7.6: Classification of the ten configurations on quality and alignment

Matrix

Placing the configurations on the matrix produces Figure 7.4. Each of the four cells has a different
interpretation.

High quality, high alignment. C11, C14 and C18 score high and recognisable to operators. These
are the trustworthy and adoptable recommendations. Notably, all three combine explicit criteria with
either structured reasoning or relative importance (I12-R3, I3-R1, I3-R3).

High quality, low alignment. C4 and C10 score well but diverge from operator practice, over-activating
pumps in both instances. A high score here does not establish that these recommendations are better
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than current practice. The divergence may reflect criteria the operator weighs but the scorecard and
alignment categories do not capture like equipment wear or accumulated running hours, for instance.
Configurations in this cell, therefore, require further examination.

Low quality, low alignment. C1, C2, C8, C9 and C15 are neither operationally strong nor operator-
recognisable. These are rejected. They are dominated by configurations without explicit criteria, or by
configurations whose scores collapse in one of the two instances.

Low quality, high alignment. This cell is empty. As anticipated, because the benchmark scores high,
a recommendation that reproduces the benchmark is necessarily close to a high-quality decision.

High Q & Low A High Q & High A
Investigate Adopt
C4&C10 C11,C14 & C18

LowQ&LowA
Reject
C1,C2,C8,C9 & C15

Low Q & High A

Figure 7.4: Matrix

7.2.5. Conclusion

This section has completed one full pass through the framework. The recommendations are taken
through the two gates, with several rejected on safety and hallucination; remaining are assessed on
alignment and quality, and the two are combined in the matrix. Three configurations are both sound
and operator-recognisable, two are sound but divergent, five are neither.

Beyond the result, the run shows the framework functioning as intended, producing not just scores but
interpretable output. The qualitative analysis additionally has surfaced six failure modes in the LLM’s
reasoning. These now feed the refinement loop: a second iteration of prompt configurations, presented
in section 7.3, is run through the same framework to test whether those weaknesses can be resolved.

7.3. Phase 5: Second iteration prompts

The learnings from the previous section are translated into a second set of configurations, C19-C21,
in which the identified weaknesses are targeted directly. Running these through the same evaluation
framework serves two purposes: it shows whether the framework continues to produce interpretable
results across a refined set of recommendations, and whether the targeted changes resolve the specific
failure modes the framework originally identified.

7.3.1. Configuration design
The second iteration consists of three new configurations: C19, C20 and C21. These build directly on
the first round design. Based on the results, I3 proves to be consistently useful by providing explicit
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performance criteria and relative importance, which on average, improve the recommendations. The
role of examples (E) is less conclusive, with neither E1 nor E2 showing a clear advantage, so E2 is
used as a default. This leaves the reasoning structure R as the primary dimension of variation, resulting
inC19 (I3-E2-R1), C20 (I3 -E2-R2)and C21 (I3 - E2 - R3). These correspond to the configurations
C14, C16 and C18 from the first round, which also allows for direct comparison. They are used as the
comparison baseline because of these design coordinates, not their first-round performance: C16, for
instance, was rejected at the safety gate in instance 2, which is precisely the kind of failure the second
iteration sets out to resolve.

The new configurations each integrate a shared updated base prompt and some specific reasoning
updates based on R, which are explained below. The changes made to the prompt correspond to the
same learnings from the previous section.

Learning 3: Verification checklist (base prompt)

A first addition addresses learning 3, which finds that the model sometimes violates safety constraints or
produced hallucinated loads in an attempt to satisfy the criteria more strongly. Therefore, a verification
checklist is added at the end of the prompt requiring the model to verify the final recommendation
against constraints before outputting it:

“Before providing the final recommendation: Verify again that the configuration adheres to:

* minimum and maximum pump loads,

* minimum and maximum vaporizer loads,

* correct pump-vaporizer group consistency,

* load of HP pumps A + B + C equals the combined load on vaporizers A + B,
* load of HP pumps D + Small equals the load on vaporizer C,

* total pump load equals total vaporizer load.
If not, restart the process”

An additional instruction is included to prevent hallucination: "If you have insufficient information to
answer this question, say 'l have insufficient information to answer this question™

Learning 4: conservative margin (base prompt)

The second addition addresses learning 4, which finds that the model consistently applies conservative
safety margins on top of the stated operational limits even when this was not required. The following
instruction is added to the safety section: "The stated capacity limits are the operational maximum.
These limits already reflect a conservative design margin of X% (confidential) below the physical max-
imum of the equipment, meaning that operating at or close to the stated limit is considered safe and
acceptable. Do not treat the stated limits as if they require additional margin.”

Learning 5: structured explanation (base prompt)

The third addition addresses learning 5, which finds that the model does not apply criteria in a structured
or transparent way and failed to show how relative importance influenced its final selection. The follow-
ing instruction is added to the criteria section: “For each criterion, discuss: (1) how the recommended
configuration performs on this criterion, (2) how its relative importance influenced the final selection,
and (3) whether a trade-off was made with another criterion and why. ”

Learning 6: consistency (base prompt)
The fourth addition addresses learning 6, which finds that the model’s final recommendation is some-
times inconsistent with its preceding trade-off analysis. The following instruction is added: *Your final
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recommendation must be consistent with your trade-off analysis. If your analysis identifies option X as
best on the most important criteria, your final recommendation must be option X unless you explicitly
state why you deviate from this.”

Learning 1 and 2: reasoning structure
Beyond the base prompt additions, each configuration in C19—C21 incorporates a reasoning structure
specific to its R dimension.

4

C19 uses R1 with the addition of the instruction: "Do not stop after finding the first feasible configuration.’
This directly addresses learning 1, which finds that direct recommendation prompts stopped at the
first feasible option without comparing alternatives. By explicitly requiring continued exploration, the
instruction forces the model to evaluate multiple configurations before selecting.

C20 uses R2 with the updated instruction: “First, find option categories, then generate a set of pos-
sible options within each category and explain why each option was generated. Then, compare the
options against the criteria of safety, energy efficiency, robustness and operational effort.” This ad-
dresses learning 2, which finds that R2 configurations generated only one option per category without
explaining the selection of that option, limiting the usefulness of the comparison stage.

C21 uses R3 with the instruction to generate five feasible and distinct configuration options. This
addresses the same limitation from learning 2 at the full multi-step level, where the model’s option
diversity was insufficient for a meaningful comparison.

7.3.2. Gates
None of the three configurations are rejected. C19, C20 and C21 all pass both the factual-correctness
gate and the safety gate in both scenario instances.

This is the clearest result of the second iteration. Two of the three baseline configurations these build
on, C16 and C18, have produced safety violations in the first round; C16 in particular was rejected
at the safety gate in instance 2. Its redesigned counterpart C20 now passes. The improvement is
attributable to the verification checklist added to the base prompt, which requires the model to check
the final recommendation against the constraints before output. How the checklist achieves this, and
where it still falls short, is examined in the qualitative findings.

That all three configurations clear the gates means, for the first time, that every configuration proceeds
to the alignment and quality tracks. The remainder of this section evaluates them there.

7.3.3. Decision alignment

Configuration MSEy; MSEy; F1

C19 0.5 0.0 0.333
C20 1.5 0.0 0.000
C21 0.5 0.0 0.333

Table 7.7: Decision alignment results for C19-C21

Table 7.7 presents the decision alignment results for the second iteration configurations C19-C21. As
with the first round configurations in subsection 7.2.2, Spearman’s p is not computable with only two
instances and MSE serves as the primary metric.

The results show a consistent pattern across all three configurations on V3. All achieve an MSE of 0.0,
meaning all three correctly reproduce the expert’s vaporizer count in both instances. This is consistent
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with the strong V3 alignment observed across the majority of first round configurations.

On V1, C19 and C21 achieve a positive MSE of 0.5, indicating a tendency to over-activate pumps in
one of the two instances. C20 shows the weakest V1 alignment with an MSE of 1.5, suggesting a more
systematic tendency to recommend more pumps than the expert. This positive bias on V1 is identified
as a pattern across the first round configurations and persists in the second iteration, suggesting it is
not resolved by the prompt improvements made in C19-C21.

The F1 scores reflect partial category-level alignment for C19 and C21 at 0.333, while C20 scores zero.
With only two instances these results remain exploratory, but they are consistent with the finding that
the second iteration improves reasoning quality and safety compliance more than it improves strategic
alignment with expert decisions.

7.3.4. Decision quality evaluation
Quantitative findings

Table 7.8 and Table 7.9 present the scores for C19-C21 across both instances alongside the bench-
mark.

Configuration [I-R-E Efficiency Robustness Effort Total
Benchmark - 1.00 0.60 0.80 0.83
Cc19 I13-R1-E2 0.97 0.80 0.80 0.88
Cc20 I13-R2-E2 0.94 0.80 0.10 0.77
C21 I13-R3-E2 0.97 0.80 0.80 0.88

Table 7.8: Scoring per criterion per configuration (Scenario instance 1)

Configuration I-R-E Efficiency Robustness Effort Total
Benchmark - 1.00 0.80 0.80 0.90
C19 13-R1-E2 0.99 0.80 0.80 0.89
C20 13-R2-E2 0.89 0.80 0.10 0.74
C21 13-R3-E2 0.99 0.80 0.80 0.89

Table 7.9: Scoring per criterion per configuration (Scenario instance 2)

Compared against their first-round counterparts, the three configurations show distinct patterns. C19
and C14 produce nearly identical scores in both instances, which is expected since the base prompt
additions target reasoning quality rather than the final configuration selected. C21 shows the largest
gain: it matches the benchmark of 0.90 in instance 2 where C18 scores only 0.51, driven by better
energy efficiency and effort scores.

C20 is the weakest of the three. Although it now passes the gates, its scores remain low (0.77 and 0.74)
held down by operational effort (0.10 in both instances). So while the redesign makes C20 evaluable
where C16 is rejected, it does not make it a strong recommendation.

Overall the second iteration configurations perform at or above the level of their first round counterparts.
Score differences between configurations remain relatively small, consistent with the pattern observed
in the first round where prompt design influences the quality of reasoning more than the magnitude of
the final score.



7.3. Phase 5: Second iteration prompts 70

Qualitative findings

The qualitative analysis examines whether the prompt additions resolved the six failure modes identified
in the first round.

Learning 1: comparing alternatives

The addition “do not stop at first feasible configuration” has shown improvement in C19. In both in-
stances, the model now considers multiple options before selection, rather than stopping at the first
feasible configuration.

Learning 2: generate multiple options within each category

The new instruction has also shown improvement. In C20 the model explicitly defines categories, gen-
erates multiple options within each, and explains its choices. In C21 the generated options also cover
genuinely distinct equipment combinations rather than minor load variations. However, the improve-
ment is not absolute: in C21 instance 2, Options 1 and 5 are identical despite the explicit instruction
to generate distinct configurations. This suggests a ceiling on the diversity the model can generate
without more specific guidance on what makes configurations meaningfully distinct.

Learning 3: verification

The verification checklist produced its most significant contribution across C19—-C21. No safety viola-
tions or hallucination occur in any configuration across either instance, compared to multiple violations
in the first round including C16 and C17. In C21 instance 1 the verification step in the third prompt
correctly identifies that Option 1 violates group consistency and eliminates it from consideration before
the final recommendation is made.

An important limitation remains. Because the checklist is applied only to the final recommendation,
unsafe options can still appear in intermediate reasoning without being flagged. In C21 instance 2,
an option with pump loads below the minimum constraint is evaluated as safe during comparison and
goes undetected because it is not selected as the final recommendation. The checklist is therefore an
effective final filter, but does not prevent unsafe reasoning during intermediate steps.

Learning 4: additional margin

The design margin instruction produces partial improvement. In C19 the model no longer cites safety
as the reason for staying below maximum loads, and in C21 it explicitly states that operating at the
maximum limit is safe. However, the conservative tendency persists through robustness reasoning.
The model still prefers configurations where pumps run below maximum capacity. The pattern is con-
sistent with the interpretation that conservative loading reflects a deeply embedded default rather than
a simple response to safety framing and it explains why the pump over-activation seen in the alignment
results is not resolved.

Learning 5: criteria contribution

The structured criteria discussion instruction produces clear improvement across C19-C21. The model
now explicitly addresses each criterion in turn, stating how the configuration performs, how the cri-
terion’s relative importance influences the selection, and whether a trade-off is made. This is more
complete and transparent than the first round, where criteria discussion was often implicit or selectively
applied.

Learning 6: consistency

The consistency instruction produces reliable improvement. Across C19—C21 in both instances, the
final recommendation is consistent with the preceding trade-off analysis: the model identifies the pre-
ferred option during comparison and selects it as the final recommendation, rather than reverting to
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a simpler alternative. This directly resolves the first-round failure mode and appears to be one of the
most effective single additions in the second iteration.

Matrix

Placing C19, C20 and C21 on the matrix shows how the second iteration shifts them relative to their first-
round counterparts. The verdicts follow the same basis as the first run: quality is judged per instance
and combined, and alignment is high when the configuration reproduces V'3 exactly and diverges on
V1 by at most a small amount.

C19 and C21 land in the high-quality, high-alignment cell, both score close to the benchmark, with
scores of 0.885 and 0.890 respectively, and both reproduce the operator’s vaporizer count exactly while
differing only marginally on pump count (MSEy, = 0.5). C19 retains the position already occupied by its
counterpart C14. C21 reaches this position more convincingly than C18, having resolved the instance-
2 collapse. As a result, the adoptable cell is not only retained but, in the case of C21, reached more
reliably across operating conditions.

C20 moves from rejection into the evaluable space but lands in the low-quality, low-alignment cell.
Its counterpart C16 had been rejected at the safety gate; C20 now passes this gate, which consti-
tutes the primary improvement. However, it scores high in only one of the two instances, giving a low
quality verdict. In addition, its systematic pump over-activation (MSEy, = 1.5) places it clearly in the
low-alignment category. The verification checklist renderes C20 evaluable, but the expanded option
generation introduced under R2 increases operational effort, and the configuration does not reach the
adoptable cell.

Compared with the first run, configurations that are already strong remain strong, with C21 showing
improved consistency.

Quality Alignment
Config Inst 1 Inst 2 Verdict MSEy; MSEy; Round-1 cell Round-2 cell
Cc19 0.88 (H) 0.89(H) High 0.5 0.0 High-Q / High-A  High-Q / High-A
C21 0.88 (H) 0.89 (H) High 0.5 0.0 High-Q / High-A  High-Q / High-A
C20 0.77 (H) 0.74 (L) Low 1.5 0.0 Rejected (gate) Low-Q/Low-A

Table 7.10: Classification of the second-iteration configurations on quality and alignment, with their first-round counterparts

7.3.5. Conclusion

The second iteration tests whether prompt changes informed by the six failure modes can resolve
them. Four are substantially resolved, and the verification checklist eliminates safety violations in the
final output, so all three configurations pass the gates, including C20, whose counterpart C16 had been
rejected. The conservative-loading tendency proves most resistant, leaving the pump over-activation
unresolved.

Most importantly, the iteration is a result about the framework itself: its diagnostics translate into con-
crete prompt changes, and re-running them through the same framework shows those changes taking
effect.

7.4. Conclusion
This section has applied the evaluation framework developed in chapter 5 to the EXMAR case across
phases 4 and 5: designing the prompt configurations, running them through the evaluation and using
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the findings to drive a second iteration.

The first run shows that prompt design clearly affects recommendation quality, configurations with ex-
plicit criteria and structured reasoning score at or above the benchmark, while those without score
lowest. Alignment with operators is weaker, with a tendency to over-activate pumps. Combined on the
matrix, three configurations reach the adoptable cell, two require further investigation and five are re-
jected. The qualitative analysis surfaces six reasoning failure modes, which informs a second iteration
that resolves most of them and eliminates safety violations.

Beyond these results, the chapter demonstrates the framework operating end to end: gates, parallel
alignment and quality tracks, a matrix, and a prompt refinement loop. It produces not just scores but
interpretable, actionable output, which is what an organisation would need to judge whether an LLM
recommendation can be trusted before deployment.



Validation

This chapter presents the validation, following the method described in section 4.5. It is important to
be clear about what is being validated. The object of validation is not the LLM. The question is not
whether the LLM performs well on more instances, but whether the operationalised framework, that is
the evaluation tool for EXMAR, continues to produce consistent and interpretable results when applied
beyond the two instances used to develop it. The LLM configurations serve only as the input through
which the framework is exercised. What cannot be validated here is the transferability of the framework
to other contexts, as the framework is only operationalised with the EXMAR case.

Additionally, it gathers preliminary qualitative evidence on the perceived value of LLM recommendations
from an operator perspective. Four additional scenario instances are constructed and evaluated using
the configurations from the second iteration (C19, C20 and C21).

8.1. Gates

Across all four validation instances, C19, C20 and C21 pass both the factual-correctness and safety
gates. No recommendation references non-existent equipment or violates an operational limit. This
confirms that the elimination of safety violations achieved in the second iteration is not specific to the
two instances on which the verification checklist was developed. All twelve recommendations therefore
proceed to the alignment and quality tracks.

8.2. Decision alignment

Configuration MSEy; MSEy; F1

C19 0.500 0.167 0.267
C20 0.833 0.000 0.333
C21 0.333 0.000 0.417

Table 8.1: Decision alignment results for C19-C21 across all six scenario instances

Table 8.1 presents the decision alignment results for C19-C21. They are computed over all six scenario
instances rather than the four validation instances because the metrics are sensitive to small sample
sizes. Again, results should still be interpreted cautiously given the small sample size.
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On V3, alignment is strong across all three configurations. C20 and C21 achieve an MSE of V'3 of 0.
This means they reproduce the expert’s vaporizers number every time. C19 shows slightly weaker V'3
alignment with MSE V3 = 0.167, indicating one instance where the vaporizer count diverges from the
expert.

On V1, all three configurations show a positive MSE, confirming the tendency to over-activate pumps
relative to the expert that was identified in the first round of configurations. C21 performs best with MSE
V1 =0.333, while C20 shows the weakest /1 alignment with MSE of 0.833. The prompt improvements
made in the second iteration therefore do not resolve the pump over-activation tendency, consistent
with the finding that this reflects a conservative default of LLM’s.

The F1 scores remain low, reflecting the difficulty of exactly reproducing the expert’s redundancy cate-
gory, but the pattern is consistent with the first round findings.

8.3. Decision quality
Table 8.2 presents the decision quality scores across the four validation instances. A few patterns are
worth noting.

In instance 3, all LLM configurations score below the benchmark, driven entirely by the effort crite-
rion. All three configurations activate HP Small alongside HP D, which the operator mentioned is
operationally infeasible. This constraint had not been discussed in the first round of interviews, so it
is therefore also not included as a constraint in the model. This is unfortunate, but it shows that this
is not a failure of the LLM. Had the constraint been included, the LLM would likely have produced a
configuration comparable to the benchmark.

In instance 4, the benchmark scores low at 0.53. This is because the validation interview revealed that,
at low demand, the efficiency difference between one and multiple vaporizers is smaller than that at
high demand, also something that was not mentioned in the first round of interviews. The scoring is kept
consistent with the original framework rather than adjusted, but this limitation should be acknowledged
when interpreting these scores. So in instance 4 and 5 it is normal that the benchmark scores lower,
however, the LLM should have scored higher.

In instance 5, C20 and C21 match the benchmark exactly, and C19 scores above it at 0.795. The
higher C19 score reflects the framework’s efficiency assumption, three vaporizers are rewarded, which
as noted in instance 4 may not fully hold at lower demand levels.

Instance 6 is the most encouraging result. All three LLM configurations match the benchmark score of
0.90. This is because the operator changed his configuration to match the LLM recommendation as he
found this a preferable alternative. This is the clearest example across the validation of the framework
correctly identifying a high-quality recommendation that aligns with expert judgment.

As in the main evaluation, the quality verdict combines the quantitative score with the qualitative reason-
ing check. Across the validation instances the reasoning behind the recommendations remains sound,
the structured criteria discussion and consistency between analysis and final selection introduced in
the second iteration holds here too, so the quantitative scores are validated rather than artefacts of
flawed reasoning.
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Instance Configuration Efficiency Robustness Effort Total
Benchmark 1.00 0.80 0.80 0.90
s 3 oo D) 1 R
Cc21 0.94 0.80 0.10 0.77
Benchmark 1.00 0.20 0.80 0.53
o (13 sCrD) S ST
C21 1.00 0.20 0.80 0.53
Benchmark 0.39 1.00 1.00 0.70
s s to0mscr0) S1 19 0 o o
C21 0.39 1.00 1.00 0.70
Benchmark 1.00 0.80 0.80 0.90
o onmscro) S1 m o om o 0% o
C21 1.00 0.80 0.80 0.90

Table 8.2: Decision quality scores per configuration across validation instances

8.4. Matrix

Placing the configurations on the matrix gives Table 8.3 and Figure 8.1.

All three configurations reach high quality, matching or exceeding the benchmark in three of the four
instances and missing only in instance 3, where the shortfall traces to the unencoded HP Small con-
straint rather than the recommendation. None falls into a low-quality cell. On alignment, the pattern
holds: C19 and C21 are high on both axes (adoptable), while C20 reaches high quality but diverges
on pump count, placing it in the high-quality, low-alignment cell.

The configurations therefore sit in the same region of the matrix as in the development instances. The
tool's output is not the result of the two instances used to build it: on fresh instances it produces
consistent, interpretable placements, with the only below-benchmark result attributable to a known gap
in the scenario model.

Quality Alignment
Config Meets benchmark Verdict MSEy; MSEy3; Verdict Cell
C19 3/4 High 0.500 0.167 High  High-Q / High-A
C20 3/4 High 0.833 0.000 Low High-Q / Low-A
Cc21 3/4 High 0.333 0.000 High  High-Q / High-A

Table 8.3: Classification of the configurations across the validation instances.
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High Q & Low A High Q & High A
Investigate Adopt
C20 Cl9 & C21

LowQ&LowA Low Q & High A
Reject -

Figure 8.1: Matrix validation

8.5. Conclusion

The validation has applied the evaluation tool to four additional scenario instances. Across all of them,
the configurations pass both gates, reproduce the operator’s vaporizer strategy while retaining the
pump over-activation, and match or exceed the operator benchmark in every instance but one. The
single below-benchmark result, in instance 3, traces to a constraint that was never elicited rather than
to a failure of the framework or the LLM.

Two findings stand out. First, where the configurations fall short, the cause is a gap in the scenario
model, the unencoded HP Small constraint, and the fixed weights that do not fit low demand, not in
the evaluation logic. This is an important distinction: it shows the framework architecture correctly sur-
faces differences in recommendation quality, and that completing the scenario model through further
elicitation would likely improve performance. Second, where the configurations match or exceed the
benchmark, operator review supports the result; in one instance the operator found the LLM recom-
mendation compelling enough to revise his own decision.

Together these results indicate that the tool is robust beyond the instances used to develop it, producing
consistent and interpretable placements on new instances. Whether this holds across a larger and
more diverse set remains a question for future work, and is the natural next step toward responsible
deployment in the EXMAR context.



Discussion

The objective of this research is twofold. The first objective is to design an evaluation framework for
LLM-based decision support in safety-critical operational environments where decision quality depends
on expert knowledge. The second is to apply this framework to the specific case of EXMAR’s FSRU, the
evaluation tool. This chapter steps back from the results to reflect on both. It is structured around the
two objectives. The first section reflects on the framework itself, examining, in the light of the EXMAR
application, which design choices worked and what needs to change before the framework can be
applied elsewhere. The next section then reflects on the EXMAR evaluation tool specifically.

The chapter closes with overall limitations, implications and directions for future research.

9.1. Evaluation framework

The first objective of this research is to develop a framework that can be applied beyond the EXMAR
case. This framework is developed in chapter 5 and this section reflects on it by examining the choices
made and drawing on insights from the EXMAR application to assess what worked and what needs
improvement. This section is structured across the five framework phases.

9.1.1. Phase 1: Scenario selection

The first step of the framework is the selection of a scenario, corresponding to phase 1. Five require-
ments have been set regarding this scenario: improvement potential, frequency, safety involvement,
sufficiently structured and data availability. Together these requirements ensure that the selected sce-
nario is both operationally relevant and practically evaluable. These requirements should be transfer-
able to other contexts. After applying the requirements a few notes can be made.

Safety and frequency

Safety involvement and frequency are both requirements to make the evaluation valuable. First, safety
involvement is listed as a requirement because the research focuses on an environment where LLM mis-
use could have significant implications, increasing the urgency of evaluation. Similarly, the frequency
requirement is included to prioritize areas with significant impact.

However, both are not fundamental requirements for applying the framework itself. In a context without
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safety constraints, the safety gate can be deleted. That said, safety-critical environments represent the
most compelling case for applying this framework, as the cost of deploying an inadequate recommen-
dation is highest there. Similarly, frequent decisions provide more opportunity to generate scenario
instances and validate the framework.

Data availability

The requirement of data was made because it was deemed necessary, but proves less critical than
expected. The evaluation framework rests more on expert judgment rather than historical data. In
the case study, using data is also difficult because the scenario is a simplified part of a complicated
interdependent system. Therefore, future application contexts that lack historical data can still apply the
framework if expert knowledge can be extracted. However, this becomes impractical if a large amount
of scenario instances must be generated, further elaborated upon in subsection 9.1.3.

Improvement potential and structured

The criteria of having enough complexity and improvement potential in the scenario together with having
a scenario that is sufficiently structured, have proved to be two fundamental requirements.

The improvement potential has safeguarded that the LLM can actually add value and that therefore
evaluation is necessary. The sufficiently structured has been valuable in setting up a structured evalu-
ation framework with structured inputs, variables and outputs. However, in practice, a tension between
these two requirements has been noted and the balance has been hard to find. The FSRU system is
tightly interdependent, so to make the scenario structured, a system boundary had to be drawn. This
simplifies the decision problem enough to be evaluated, but also makes it less realistic. In interdepen-
dent operational systems, this trade-off is unavoidable.

This trade-off also points to a broader implication. A decision that is fully structured is likely already
solvable by optimization models and does not need LLM support. At the other end are complex opera-
tional decisions, where tacit knowledge plays a very large role. These are situations where LLM-based
decision-support is most valuable, but also where evaluation is most difficult. This research objective
is to analyse if tacit knowledge can be translated into an evaluation framework. Doing so, however,
requires a scenario that is complex enough for expert judgment to matter, while still bounded enough
to make systematic evaluation feasible.

The EXMAR application leans toward the structured side of this spectrum, which makes the framework
manageable but less realistic. However, as mentioned in chapter 8, the LLM becomes useful only once
the scenario is sufficiently complex. With more time and resources, the scenario boundary could be
drawn wider, capturing more operational complexity while retaining enough structure for systematic
evaluation. The goal for future applications should be to find a scenario that sits at the intersection of
both requirements, recognizing that getting this balance right determines the quality of everything that
follows.

9.1.2. Phase 2: Separating alignment from quality

A central choice in the framework is to evaluate LLM recommendations on two separate dimensions:
alignment with expert decisions and decision quality. This separation is motivated by the satisficing ar-
gument from Naturalistic Decision Making research, which says that experienced operators sometimes
select a workable configuration rather than optimising across all criteria [25]. This separation proves
genuinely valuable. The results show that configurations that closely reproduce expert decisions do
not necessarily score well on decision quality, and vice versa.
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This separation also has a limit worth stating. Because both tracks are built from expert knowledge,
neither escapes the bias that expert judgement may carry. Experts satisfice and may rely on heuris-
tics, and an LLM evaluated against them will tend to reproduce this. A high score therefore means a
recommendation is consistent with current expert practice, not that it is correct in any absolute sense.
Given the absence of ground truth established in chapter 4, this is unavoidable.

9.1.3. Phase 2: Alignment evaluation
For the alignment component, two methods are chosen to measure it at different levels: category-based
alignment and variable-level alignment.

From the results in section 7.2, it becomes clear that both methods genuinely measure different aspects
of alignment. The F1-score, for the category-based alignment, provides a high-level but interpretable
view of whether the LLM reproduces the operator’s overall strategic direction. The variable-level anal-
ysis reveals something the F1-score conceals: that configurations achieving the same category-level
alignment can differ in how they distribute load across pumps and vaporizers.

In the EXMAR case, the variable-level analysis proves most insightful. However, which approach is
most valuable depends on the context. In some cases, grouping decisions into categories may already
reflect enough variability. In others, the decision variables are more meaningful to assess individually.
Therefore, for other contexts, the decision must be made on whether to use one approach, the other,
or both.

It is also necessary to note that in this research, with only two scenario instances, the metrics are
not statistically significant, which limits the information. Future applications of the methodology should
prioritize generating a sufficient number of instances.

9.1.4. Phase 2: Eliciting expert knowledge

The framework uses Cognitive Task Analysis to extract evaluation criteria, utility functions and weights
directly from operator knowledge during interviews. This is what distinguishes it from existing evaluation
frameworks, which assume criteria are already defined, as identified in the research gap in section 3.5.

Applying this in practice confirms both its value and its difficulty. The value is that operators, when pre-
sented with concrete scenario instances and probed with structured questions, reveal considerations
that would not have emerged from reviewing documents. The difficulty is that expert knowledge is not
always consistent over all experts. Disagreements may also become larger in future cases if scenario
complexity increases. This means that the Delphi method must be used more elaborate with multiple
structured rounds.

Another difficulty is that a single round of elicitation cannot surface all relevant information as new
information. During validation, two important elements emerged that were not included in the model.
Both only became visible when the model was applied to conditions not covered during initial elicitation.
This progressively undermined the realism of the scenario, meaning the LLM was being evaluated
against an incomplete representation of real operations. In complex operational environments, this is
arguably unavoidable after a single elicitation round. So, elicitation should be treated as iterative rather
than a one-time step.

9.1.5. Phase 2: Quality evaluation
Once expert knowledge is elicited, it is translated into measurable criteria, utility functions and weights.
This translation is the core methodological step of the framework as it converts tacit operator knowledge
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into a reproducible evaluation structure. But it is not straightforward.

The process of defining utility functions and weights inevitably involves subjectivity. Different operators
may prioritize criteria differently. This subjectivity is inherent to any framework built on expert knowl-
edge, but it can be reduced by consulting multiple experts, as was done in this research with three
operators. Future applications could strengthen this step by applying more formal weight elicitation
methods, such as the Analytic Hierarchy Process (AHP), to make the translation from expert judgment
to model parameters more transparent and reproducible.

A related issue is that fixed weights may not reflect how operators actually prioritize criteria across differ-
ent situations. The validation phase suggests that at low demand levels, operators weigh operational
effort more heavily relative to efficiency. A preference not captured by the fixed weights derived from
initial interviews. A possible solution for future applications is to categorize scenarios into meaningful
types. For example high demand and low demand in the EXMAR case and elicit separate weights for
each category. This would better reflect the context-dependent nature of operational trade-offs.

9.1.6. Phase 3: Benchmark construction

In the EXMAR case, the benchmark scores of 0.83 and 0.90 confirm that operator decisions are of
high quality according to the defined criteria. It must be noted that the criteria themselves are expert-
derived as mentioned. Several LLM configurations achieve comparable or higher scores, confirming
that the benchmark provides good, but not insurmountable reference point. This is consistent with
the argument from subsection 3.1.2 that operators satisfice, and demonstrates that the framework is
sensitive enough to identify this.

Constructing the benchmark by presenting fictive scenario instances to operators, rather than relying
only on historical data, works well in this context. It allows controlled comparison across instances with
clearly defined inputs, and ensures that operator decisions are collected under the same conditions as
LLM recommendations. This is particularly important in a simplified scenario model where historical
data may not map cleanly onto the defined decision variables.

9.1.7. Phase 4: Prompt design

Phase 4 generates the recommendations to be evaluated; in this research, by varying prompt design
while holding the model fixed. This phase also includes taking into account the transferable prompt-
design elements. The second iteration populates this by translating the qualitative findings into concrete
prompt changes that are then re-evaluated through the same framework closing the loop the framework
is designed to support. lIts limitation is that what transfers is established from a single application;
which of these prompt recommendations generalise to other contexts or which are application-specific,
remains to be tested.

9.1.8. Phase 5: The gates

The safety gate rejected configurations in the first round and, after the verification checklist was added,
admits all configurations in the second iteration. The factual-correctness gate also rejected some con-
figurations in the first round. This shows that hallucination remains a real risk for LLMs even when the
decision context is clearly specified. Whether the second iteration resolved this could not be assessed.

9.1.9. Phase 5: The matrix
The framework’s output is the 2x2 matrix. It provides gives actions to what to do with the recommen-
dations in each cell: adopt, reject or investigate. The main limitation is that the high/low verdicts are
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interpretive rather than formula-based; this is deliberate, given the absence of ground truth, but it means
the matrix supports judgment rather than replacing it, and consistency across applications depends on
stating the verdict basis explicitly, as was done here.

9.2. Evaluation tool for EXMAR's FSRU

The second objective of this research is to apply the evaluation framework to the EXMAR FSRU case
and assess whether the operationalised framework reflects how decisions are judged in this context.
The question is therefore not how the LLM performs, but whether the tool assigns high scores to deci-
sions operators consider good and where it does not.

9.2.1. Criteria

The selected criteria: efficiency, robustness and operational effort, with safety handled as a gate, are
identified through operator interviews. The benchmark scores of 0.83 and 0.90 across the two initial
instances confirm that the framework reflects the same preferences as operators, providing initial evi-
dence that the criteria are appropriate. However, the four are not exhaustive. Several considerations
that operators mentioned are left out, for two different reasons.

Some are excluded because of their low impact. Switching considerations, maintenance and equipment
wear or running hours were all raised in interviews but of lower importance than the chosen criteria.
They are dropped to keep the tool practical. This is noticeable in the alignment analysis where the LLM
often activates one additional pump compared to the operator. The framework rewards this because
the robustness gain outweighs the small efficiency loss. Operators, however, are less willing to accept
this trade-off because additional running hours increase equipment wear, a consideration not captured
in any criterion.

The second kind is more fundamental and is the central difficulty this research engages with. Some as-
pects of a good decision operators recognise but cannot articulate, the tacit knowledge. These cannot
be straightforwardly translated into criteria, not because of time, but because the experts themselves
cannot surface them on request. The clearest example is the "line-in-the-sand” judgment, that could not
be operationalised. This is not a shortcoming particular to the EXMAR tool but the defining challenge
of evaluating decisions in expert-knowledge environments: the criteria set can always be made more
complete, but there almost inevitably will remain tacit knowledge uncoded, something the framework
can only ever approximate.

A related limit follows from this. An LLM can only act on the context it is given, and that context is
necessarily an abstraction: the decision variables, constraints and values encoded in the prompt. An
operator on the FSRU, by contrast, perceives the full concrete situation, many small, situation-specific
details that are never written into any prompt, because they were not known to be relevant or could
not be expressed. This lets operators make finer judgements than the tool can represent. Whether
activating an extra pump is a trivial adjustment or a real inconvenience, for instance, often depends
on circumstances of the specific moment that the encoded scenario does not contain. The operator
weighs these; the LLM cannot, because the factor that would change the judgement was never in its
input. This is not a criterion the tool fails to include but a dimension that resists being encoded at all:
the recommendation is only ever as good as the abstraction of the situation it is given, and the operator
always has access to more of the situation than can be encoded. It bounds how far LLM-based decision
support can substitute for situated expert judgement in this kind of environment.
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9.2.2. Utility functions and weights
The utility functions broadly perform as intended. Also the gate of safety was confirmed by operators
as appropriate, as safety is non-negotiable.

The weights (efficiency: 0.50, robustness: 0.35, effort: 0.15), as mentioned earlier reflect the operators
preferences. However, the validation phase shows that these weights are context-dependent: at lower
demand levels, operators weight operational effort more heavily relative to efficiency than the fixed
weights reflect. A single set of weights cannot fully capture the situational judgment that experienced
operators apply.

9.2.3. Overall assessment

Overall, the EXMAR evaluation tool broadly reflects operator judgment. This case shows that tacit
operator knowledge can be translated into a practical evaluation tool. The criteria capture the main
trade-offs, the utility functions distinguish meaningfully between configurations, and the weights broadly
reflect operator priorities. The framework is sufficiently representative to support comparative evalua-
tion of LLM recommendations and to guide prompt improvement.

At the same time, it should be viewed as an approximation rather than a complete representation of
operational judgment. The most important improvements needed are completing the scenario model
through additional elicitation rounds, adding equipment wear as a criterion or constraint, and introducing
situation-dependent weights that reflect how operator priorities shift across demand levels. Until these
improvements are made, high scores should be interpreted as indicative of good performance rather
than as a definitive endorsement of a recommendation for deployment.

9.3. Limitations
Beyond the specific improvements discussed above, three broader limitations apply to the research as
a whole.

First, the framework was developed and tested in a single case. Although the FSRU case was selected
to be representative of a class of safety-critical operational environments where decisions depend on
tacit expert knowledge, the degree to which the methodology transfers to other contexts remains to be
established empirically. The core structure is not case-specific, but its application requires significant
adaptation in each new context.

Second, the scenario model represents a simplified version of real FSRU operations. The system
boundary was drawn to make the decision problem manageable, but as a result several interdependent
subsystems were excluded. The evaluation framework therefore assesses LLM performance against a
partial representation of the real decision problem, which limits the strength of conclusions about actual
operational adequacy.

Third, the evaluation is based on a small number of scenario instances, six in total across the initial
evaluation and validation. While consistent patterns are observed, the alignment metrics lack statistical
significance and the quality findings cannot be considered conclusive. A larger set of instances is
needed to establish the reliability of the framework’s outputs with confidence.
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9.4. Implications

9.4.1. Scientific implications

This research makes a methodological contribution to the LLM evaluation literature. Existing task-
specific frameworks assume that performance criteria are predefined or formally derivable. This re-
search demonstrates that CTA and MCDM can be combined with task-specific LLM evaluation to fill
this gap. This makes structured evaluation feasible in safety-critical expert-knowledge contexts where
criteria must be constructed rather than assumed. This extends the reach of task-specific LLM evalua-
tion toward a class of operational contexts that existing frameworks cannot address.

9.4.2. Societal implications

For organisations operating in safety-critical expert-knowledge environments, this research provides a
first step toward a structured method for evaluating LLM recommendations before deployment. Rather
than relying on informal assessment or deferring entirely to operator judgment, organisations can use
this framework to assess whether LLM recommendations are operationally adequate and to identify
specific weaknesses through iterative evaluation and prompt refinement. But as the previous sections
discuss, the framework still requires further development.

For regulators, the framework offers an initial sense of what structured evaluation in these contexts
could look like. Its output distinguishes recommendations that should be rejected, those that warrant
further investigation, and those that appear sound. At the same time, it is developed and tested within a
single case, so it cannot yet serve as a general standard. How strict such evaluation ultimately needs to
be will need to depend on further research into how much a wrong recommendation actually degrades
operator decisions, since the system remains decision support with the final decision resting on the
human. A further question is whether more complex tacit knowledge decisions can be meaningfully
evaluated at all.

For EXMAR specifically, the foundation for responsible deployment is in place. The evaluation tool is
operational, the benchmark is established, and early evidence from the validation suggests the LLM
can add genuine decision-support value. Further development such as additional elicitation rounds,
more scenario instances and refined weights, is needed before deployment can be considered, but the
path toward it is now structured and traceable. This matters because, as mentioned in the introduction,
FSRU'’s are pivotal to energy security yet under pressure to operate more efficiently. This research
does not improve those decisions directly, but it builds the evaluation foundation their responsible pur-
suit through LLM decision support would first require. For safety-critical industries more broadly, this
research demonstrates that structured LLM evaluation in expert-knowledge contexts is feasible. The
EXMAR case provides a concrete example of how it can be applied.

9.5. Future research
Several directions emerge from this work, ranging from concrete refinements of the framework to
broader future research.

9.5.1. Refinements to the framework

The most immediate priority is formalising elicitation as an iterative step. The validation phase shows
that a single round of expert interviews is insufficient to surface all relevant constraints and considera-
tions. Future work should establish how iterative elicitation can be structured systematically, and when
the criteria set can be considered stable.
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A second refinement concerns the weighting approach. The framework currently uses fixed weights,
but the validation suggests operator priorities shift with operational context. Future research should
investigate how to incorporate situation-dependent weights without sacrificing reproducibility, possibly
using more structured elicitation methods such as the Analytic Hierarchy Process.

Finally, the framework has so far been tested in a single case. Application to a second case, ideally
one differing meaningfully in decision complexity or domain, is the natural next step for establishing the
limits of its transferability.

9.5.2. Broader research directions

Beyond direct refinements, this work opens broader questions. A first concerns agentic Al: systems
that autonomously plan and execute multi-step workflows rather than only producing recommenda-
tions. In safety-critical environments, agentic systems raise fundamentally different evaluation chal-
lenges around autonomy, timing of action, human oversight and accountability. The expert-knowledge
approach developed here could serve as a foundation for that work, but new methods will be needed
to evaluate not only the quality of a recommendation but the decision to act.

A second direction concerns the gap between the encoded scenario and the real situation. As dis-
cussed, an operator perceives situational detail that cannot be fully captured in any prompt, which
limits how far an LLM evaluated on an abstracted context can match expert judgement. Future work
could investigate this directly: how much of an expert’s situational judgement can be progressively
encoded before returns diminish, where the boundary lies between context that can be formalised and
context that cannot, and how decision support might be designed to flag when a decision depends on
factors outside its given context. This is closely related to the question of agentic systems raised above,
since a system that could itself gather situational information would change the nature of this limit.

A third concerns trust and adoption. Whether recommendations are good is one question; whether
operators trust and use them is another. Future research could study how LLM-based decision support,
once deployed in these tacit-knowledge environments, affects operator judgment, skill retention, and
decision quality over time; including the risk of overreliance and the conditions under which decision
support genuinely improves rather than substitutes for operational expertise.

A fourth concerns the complexity of the operational scenario. This research applied the framework to a
decision problem that, sits toward the structured end of the complexity spectrum, as identified in phase
1 Whether the framework remains applicable when applied to a decision problem with fuller operational
complexity, where more subsystems are interdependent, more criteria are tacit, and the decision space
is less bounded, is an open question. That is arguably the most important test of the framework’s limits,
since it is precisely in those highly complex environments that LLM-based decision support is most
needed and most difficult to evaluate responsibly.
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Conclusion

This research pursues two objectives. The first is to design an evaluation framework for LLM-based
decision support in safety-critical operational environments where decision quality depends on ex-
pert knowledge. The second is to apply this framework to the specific case of EXMAR’s FSRU in
Eemshaven. Together, these objectives address the gap: no existing methodology combines expert
knowledge elicitation with task-specific LLM evaluation. This chapter recaps the main findings of both
and uses them to answer the main research question.

10.1. Evaluation framework

The framework is structured across five phases. The first phase establishes a suitable operational
scenario through five requirements: improvement potential, frequency, safety involvement, sufficient
structure, and data availability. These ensure the decision context is both operationally relevant and
practically evaluable.

The second phase operationalises two main components of the framework that are deliberately kept
separate. The first component assesses decision alignment between LLM recommendations and
expert decisions, using category-level alignment through the F1-score and variable-level alignment
through Spearman’s correlation and Mean Signed Error. The second component evaluates decision
quality independently, combining a quantitative MCDM-based analysis, translating operator knowledge
into criteria, utility functions and weights, with a qualitative reasoning analysis that examines whether
the LLM’s underlying logic is sound. Separating alignment from quality proves essential: expert de-
cisions satisfice, meaning alignment alone cannot determine whether a recommendation is adequate,
and quality alone cannot determine whether it is recognizable to operators.

The third phase constructs a benchmark by eliciting and scoring operator decisions using the methods
from phase 2, providing the reference point against which LLM recommendations are compared. Be-
cause these contexts have no ground truth, there is no optimal configuration to evaluate against and
therefore the current operator practice is used.

The remaining phases govern the evaluation run. Phase 4 generates recommendations, in this re-
search by varying prompt design. Phase 5 evaluates them by a run through the framework: passing the
two entry gates (factual correctness and safety), before being evaluated on the two tracks and placed
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on a 2x2 matrix that is the framework’s output. The matrix, rather than a single score, preserves the
distinction between quality and alignment on which the framework rests.

10.2. Evaluation tool for EXMAR's FSRU

Applying the framework to EXMAR’s FSRU produced a concrete evaluation tool grounded in operator
knowledge. Four quality criteria: energy efficiency, operational robustness and operational effort, with
safety as a gate, were derived through Cognitive Task Analysis and translated into measurable indi-
cators, utility functions, and weights. The benchmark scores of 0.83 and 0.90 confirmed that operator
decisions are of high quality according to these criteria.

The evaluation of sixteen prompt configurations showed that prompt design has a significant effect
on recommendation quality. Configurations without explicit performance criteria produced consistently
low scores, while configurations with criteria and structured reasoning produced scores comparable
to or above the benchmark. Alignment with operators was weaker, with a tendency to over-activate
pumps. On the matrix, three configurations reached the adoptable cell, two scored well but diverged
from operator practice, needing further investigation and five were rejected.

The qualitative reasoning analysis identified six concrete failure modes, which informed a second
prompt iteration. The most significant result of that iteration was the elimination of safety violations
across all configurations through the addition of a verification checklist.

The validation across four additional scenario instances confirmed that the evaluation tool produces
consistent and interpretable results beyond the initial instances. In one case, an operator revised his
own decision after reviewing the LLM recommendation, providing preliminary evidence that the tool
can identify genuinely high-quality recommendations.

The application also exposed the tool’s limitations. A single elicitation round proved insufficient: two
operational constraints only emerged during validation, undermining the realism of the scenario model
for those instances. The fixed weights cannot fully capture situational judgment, as operator priori-
ties shifted at lower demand levels in ways the framework did not reflect. And with only six scenario
instances in total, the alignment metrics lack statistical significance and the quality findings remain
indicative rather than conclusive.

10.3. Answering the main research question

LLM-based decision support in safety-critical, expert-knowledge environments can be evaluated by
eliciting tacit operator knowledge through Cognitive Task Analysis, translating it into an MCDM-based
quality assessment and benchmark, and assessing recommendations on both alignment and decision
quality behind two entry gates, with the combined result read on a matrix. This research demonstrates
that this approach is feasible in a structured operational scenario, but the framework requires further
development, particularly around iterative elicitation and situation-dependent weighting, and its appli-
cability to decision problems with fuller operational complexity remains to be established. This points to
the more fundamental limit of the research. The framework can partly elicit and encode tacit knowledge
into criteria, however, a part of this tacit knowledge can not be captured. The framework can, therefore,
approximate the knowledge that defines a good decision, but never fully represent it.

For EXMAR, the evaluation tool provides a structured and traceable starting point for responsible de-
ployment: the criteria are derived, the benchmark is established. However, additional elicitation rounds,
a larger set of scenario instances, and refined weights are needed before the framework can support
an actual deployment decision.
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A final reflection concerns whether LLM-based decision support is the right direction for these contexts.
The evidence this research shows is preliminary but encouraging. The LLM was able to match or ex-
ceed the operator benchmark in some instances. In one instance an operator revised his own decision
after reviewing a recommendation. However, as mentioned above, some of the tacit knowledge of what
makes an operator’s judgment good cannot be captured, so on those factors an LLM may never match
the operator. But the same comparison cuts the other way: an LLM can weigh factors involving large
amounts of data or many interacting variables, which operators handle through experience-based es-
timation rather than calculation. The two are therefore better seen as complementary than competing.
This points toward a promising direction in which the LLM and the operator work together towards a
final decision, still made by the operator. Whether this would work in practice is a next question, but it
suggests the value of these systems lies in supporting expert judgment, not substituting for it.
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