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Nuclear power plant operators face complex fault diagnosis challenges that require rapid interpretation of informa-
tion across multiple systems and parameters. This study investigates the potential of large language models (LLMs),
augmented with plant-specific documentation, to support operator diagnostic reasoning. A prototype LLM-based
diagnostic assistance system was developed and evaluated in a nuclear control room simulator. Six experienced
operators from two crews participated in a pilot study involving an intentionally difficult fault scenario. Once
the fault had sufficiently manifested, the simulation was paused and the crew was granted access to the LLM.
The model had access to operating procedures, technical manuals, and plant terminology, enabling it to generate
diagnostic recommendations in response to operator prompts such as ”Steam pressure increasing, feedwater flow
decreasing.” Operators provided qualitative feedback on system usefulness, presentation, and potential integration
into operational practice. They viewed the LLM as a supplementary information source rather than an autonomous
system. Identified use cases included diagnostic support, document retrieval, access to historical data, and operator
training. This study represents an initial step in an iterative development process guided by operator feedback.
The results demonstrate the feasibility and acceptance of LLM-based diagnostic assistance in nuclear control
environments and outline a path toward transparent, trustworthy, and human-centered AI tools that enhance safety
and efficiency while preserving human authority.
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1. Introduction

Nuclear power plant control room operators are

responsible for maintaining safe and stable plant

operation under a wide range of conditions, in-

cluding abnormal and fault scenarios (IAEA,

2022). Effective fault diagnosis is critical in these

situations, as operators must rapidly interpret

complex and evolving plant information while

adhering to strict safety principles. Although es-

tablished procedures and decision-support tools

provide structured guidance, diagnosing atypical

or ambiguous faults remains challenging (Braarud

and Kirwan, 2011; Roth et al., 1994). Locating

and synthesizing relevant information from exten-

sive documentation while an event unfolds can

impose substantial cognitive load and slow diag-

nostic reasoning.
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Recent advances in large language models

(LLMs) have demonstrated capabilities in natural-

language understanding and information synthesis

that may offer new forms of supplementary op-

erator support. While LLMs are trained on broad

general-domain knowledge, their use in nuclear

operations requires grounding in plant-specific

documentation. When augmented with operating

procedures, technical manuals, and domain termi-

nology, LLM-based systems may support opera-

tors by retrieving relevant information and synthe-

sizing responses that aid diagnostic reasoning.

2. Background and related works

This section reviews prior research on fault di-

agnosis and operator support in nuclear control

rooms, including cognitive aspects, procedures,

information systems, and diagnostic aids. It also

summarizes emerging work on large language

models (LLMs) in safety-critical domains and

human-centered AI principles relevant to supple-

mentary decision-support design. Together, this

background establishes the context for the present

exploratory study.

2.1. Fault Diagnosis, Procedures, and
Diagnostic Support in Nuclear
Control Rooms

Fault diagnosis in nuclear control rooms is widely

recognized as a cognitively demanding activity

requiring operators to integrate plant knowledge,

procedural guidance, and real-time process in-

formation under uncertainty and time pressure.

Operators engage in hypothesis-driven reason-

ing, continuously updating their mental models

as plant conditions evolve (Roth et al., 1994).

Abnormal plant behavior often manifests through

subtle trends and indirect indicators, making it

difficult to distinguish between normal transient

fluctuations and underlying faults (Mumaw et al.,

2000). These characteristics increase susceptibil-

ity to cognitive overload and misinterpretation,

particularly in novel or unexpected situations.

Operating procedures and technical manuals

form the knowledge base supporting operator ac-

tions and diagnostic reasoning (O’hara et al.,

2000). While procedures provide structured guid-

ance for anticipated conditions, strict adherence

may be insufficient during complex or atypical

events (Massaiu and Holmgren, 2013). Opera-

tors therefore rely on experience-based judgment

and cross-reference multiple documents to inter-

pret plant behavior. Although digital systems and

electronic procedures have improved accessibility,

navigating extensive documentation during time-

critical situations remains challenging and can

contribute to increased workload and delayed di-

agnosis.

Diagnostic support tools for nuclear power

plant control rooms have evolved from early rule-

based expert systems to model-based and data-

driven approaches. Reviews of early applications

indicate that expert systems developed in the

1980s primarily encoded operator knowledge us-

ing deterministic if–then rules for fault diagno-

sis and emergency response (Qi et al., 2023;

Xiao et al., 2024). Subsequent research intro-

duced probabilistic reasoning and explicit system

models, including Bayesian networks and directed

graphs, to address uncertainty (Qi et al., 2023).

Later work emphasized advanced alarm man-

agement and trend visualization to support opera-

tor decision-making in modernized control rooms

(Boring et al., 2015). More recent studies have

explored predictive and prognostic monitoring us-

ing data-driven and machine-learning techniques

to provide earlier indications of emerging or pre-

viously unknown faults (Mendoza and Tsvetkov,

2024). Despite demonstrated benefits in reduc-

ing operator workload and improving situational

awareness, challenges related to adaptability, val-

idation, and workflow integration have limited

widespread deployment, and diagnostic support

systems continue to function primarily in an ad-

visory role (Boring et al., 2015; Qi et al., 2023).

2.2. LLMs and human-centered AI in
safety-critical domains

Recent peer-reviewed studies have explored the

use of LLMs as operator support tools in safety-

critical and complex control domains. Their ca-

pabilities in natural-language interaction, docu-

ment retrieval, and information synthesis suggest

potential value in augmenting human reasoning
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rather than replacing it. Reported applications

span nuclear reactor control rooms, power sys-

tem operations, robotic teleoperation, industrial

drilling control rooms, spacecraft mission control,

and laboratory automation (Lee et al., 2025; Choi

et al., 2024; Yang et al., 2025; Fei et al., 2025;

Zhao et al., 2024; Ferrigno et al., 2024; Carrasco

et al., 2025; Xie et al., 2025).

However, concerns regarding hallucination,

lack of grounding, and trust calibration remain

significant in high-consequence domains (Anh-

Hoang et al., 2025). Research on human-centered

AI emphasizes transparency, interpretability, and

appropriate trust calibration to mitigate automa-

tion bias and preserve operator authority (Endsley,

2023; Berretta et al., 2023). In nuclear operations,

clear human responsibility and accountability are

essential for regulatory compliance (CNSC et al.,

2024).

As AI continues to expand the boundaries of

traditional operator decision support, it is essential

to improve our understanding of the challenges

and best practices of human-AI interaction, partic-

ularly within LLM-based systems. Understanding

how to design systems so both the control room

team and the LLM are aligned in their under-

standing of current situations and the appropriate

responses is essential (Kirwan, 2025).

2.3. Summary and positioning of the
present study

Prior work highlights both the benefits and lim-

itations of diagnostic support in nuclear control

rooms. While procedures and diagnostic aids sup-

port operator performance, challenges related to

information access, cognitive workload, adapt-

ability, and workflow integration persist. LLM

technologies offer new possibilities for document-

centered information synthesis, yet their suitabil-

ity for safety-critical nuclear environments re-

mains uncertain.

The present study addresses this gap through

an exploratory, simulator-based evaluation of a

locally hosted LLM diagnostic support system

grounded in plant-specific documentation, focus-

ing on its potential role, interaction modes, and

perceived value. It contributes qualitative insight

into how licensed operators perceived and inter-

acted with such a system during a challenging

fault scenario, informing the design of human-

centered AI support for nuclear operations.

3. Operator diagnostic assistance
concept and knowledge architecture

In this initial prototype, the LLM was designed

strictly as a diagnostic support tool rather than a

decision-making or control system. Operators re-

tained full authority, and the system remained idle

until explicitly prompted, ensuring it functioned

as a supplementary information source rather than

an autonomous agent.

Within this role, the system supported diagnos-

tic reasoning by facilitating hypothesis generation,

information cross-checking, and navigation of rel-

evant documentation during fault diagnosis. It was

not intended to replace procedural execution or

operator judgment, but to augment existing diag-

nostic practices through contextualized informa-

tion access.

To ensure domain relevance, the LLM was aug-

mented with plant-specific documentation com-

monly used in nuclear operations, including op-

erating procedures for event-based scenarios (e.g.,

reactor trips and steam generator tube ruptures),

alarm response procedures, and technical manu-

als describing major plant systems such as the

reactor coolant system. Plant-specific terminol-

ogy, including abbreviations and definitions, was

also incorporated to improve response accuracy,

as preliminary testing showed potential misinter-

pretation of domain-specific terms.

Source documents were processed using Do-

cling to convert Word and PDF files into machine-

readable Markdown for embedding and inges-

tion. Text embeddings were generated using the

BAAI/bge-m3 model. Documents were divided

into 2000-token chunks with a 200-token overlap.

At runtime, the system employed a retrieval-

augmented generation (RAG) approach. Op-

erator prompts were embedded and used to

retrieve relevant document chunks through a

hybrid approach combining vector-based co-

sine similarity and BM25 keyword search. Re-

trieved passages were then re-ranked using the
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BAAI/bge-reranker-v2-m3 model to pri-

oritize the most relevant sources. The top-ranked

passages were inserted into the LLM context win-

dow together with a structured system instruction

directing the model to ground its reasoning in the

provided documentation and avoid unsupported or

speculative claims. The model then generated a

response conditioned on both the operator prompt

and the retrieved context. No fine-tuning was

performed; domain adaptation relied entirely on

retrieval-based grounding.

When available, the documentation passages

used during response generation were presented

to operators as an expandable citation list at the

bottom of the reply. This allowed operators to

inspect the referenced source material directly and

cross-check the basis for the generated output.

3.1. Operator assistant frontend and
model configuration

OpenWebUI was used as the foundation for the

operator assistance interface, providing a unified

interaction point for the diagnostic support sys-

tem (Timothy J. Baek, 2024). The platform was

selected for its open-source nature, customiza-

tion support, and built-in user management fea-

tures enabling role-based access to information.

Multiple locally hosted LLMs were evaluated

via Ollama, including distilled DeepSeek models,

Qwen, LLaMA, and Mistral variants. Based on

preliminary testing, the Qwen3:8B model was se-

lected due to its performance and response quality

for this use case. The model was configured with

a control-room-oriented persona and instructed to

focus on identifying potential malfunctions and

abnormalities grounded in the documentation.

4. Exploratory study methodology

This section outlines the exploratory methodol-

ogy used to examine the feasibility and perceived

usefulness of an LLM-based diagnostic assistance

system in a simulated nuclear control room. Us-

ing a high-fidelity simulator, a challenging fault

scenario, and qualitative data collection, the study

focused on how experienced operators interacted

with and evaluated the system rather than on quan-

titative performance.

Fig. 1. Layout of the multi-unit SMR control room
simulator and operator workstations.

4.1. Nuclear control room simulator

The study was conducted in a high-fidelity, full-

scope nuclear control room simulator represen-

tative of operational environments. A multi-unit

small modular reactor (SMR) simulator modeled

six simultaneously operating units, providing a

complex and realistic diagnostic context.

An intentionally difficult fault scenario was se-

lected to elicit diagnostic uncertainty. The sce-

nario involved a reduction in feedwater heating

in one SMR unit, producing gradually develop-

ing symptoms distributed across multiple systems.

This design required integration of information

from multiple sources and reflected conditions in

which fault identification is non-trivial.

4.2. Participants and crew composition

Six licensed nuclear power plant operators par-

ticipated in the study. Data were collected be-

tween September 15 and 17, 2025, at the Halden

Man–Machine Laboratory (HAMMLAB) IFE

(2026). Participants were employed at U.S. com-

mercial nuclear power plants and included four

reactor operators, one unit supervisor, and one

shift manager, with one to twelve years of op-

erational experience. All participants received an

overview of study procedures and provided writ-

ten informed consent.

Participants were organized into two three-

person crews with differing levels of prior simula-

tor familiarity. Training was conducted by simula-

tor experts and included hands-on scenarios cover-

ing plant operation, control interfaces, computer-
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based procedures, and multi-unit operation.

During the simulation, the shift supervisor was

positioned behind two operators at a workstation

with access to all six units and alarm systems.

Each operator supervised three units using dedi-

cated reactor and turbine displays, supported by a

shared overview display, see figure 1. The LLM-

based diagnostic assistance system was hosted on

a separate laptop introduced into the control room

by the experiment lead.

4.3. Study procedure and data collection

Each crew progressed through the scripted fault

scenario until a predefined manifestation thresh-

old was reached, at which point the simulation

was paused and access to the LLM-based diag-

nostic assistance system was provided. The sys-

tem was accessed via the dedicated laptop, with

output mirrored on a large monitor to support

shared use. Operators interacted with the system

using natural-language prompts describing ob-

served plant conditions and trends. The LLM was

instructed to respond in a structured format, high-

lighting probable causes and potential immediate

actions grounded in the available documentation.

Figure 2 shows an example operator prompt and

corresponding system response.

Immediately after the LLM interaction con-

cluded, each crew took part in a separate semi-

structured group interview lasting approximately

45 minutes. The interview was conducted by

the experimental lead, who guided the discussion

using predefined open-ended questions covering

system usefulness and usability, trust and reliabil-

ity, decision support and human judgment, safety

and risk perceptions, system limitations, and po-

tential improvements.

5. Operator interview findings

This section presents qualitative findings from

operator interactions with the LLM-based diag-

nostic assistance system, focusing on system use,

perceived value and limitations, and workflow

integration. Themes observed across both crews

inform system design rather than provide quanti-

tative performance evaluation.

Fig. 2. Example operator prompt of current plant indi-
cators and the corresponding LLM-generated response.

5.1. Operator use, trust, and perceived
role of the LLM during diagnosis

During the diagnostic task, operators used the

LLM to seek explanations for observed plant be-

havior, test emerging hypotheses, and retrieve rel-

evant documentation. The system was not treated

as an authoritative source, but as a supplemen-

tary tool for exploring possible fault causes and

identifying additional lines of inquiry, which were

evaluated against operators’ own understanding of

the plant. Participants emphasized that the LLM’s

value lay in surfacing relevant information and

offering suggestions, while final diagnostic de-

cisions remained the responsibility of the crew,

particularly the shift manager.

Operators expressed caution regarding use of

such a system in a nuclear control room, cit-

ing concerns about cybersecurity, control over

training data and outputs, time criticality, and

over-reliance on AI-generated suggestions. Trust

was viewed as developing through repeated use

and validation, with outputs cross-checked against

training, plant parameters, and referenced docu-
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mentation, often through crew discussion. Con-

flicting outputs prompted further deliberation. Ini-

tial assumptions by some participants that the sys-

tem functioned like a simulator underscored the

need to clearly communicate its capabilities and

limitations during training.

Both crews agreed that interaction with the

LLM should not distract operators responsible for

monitoring or procedural execution. Instead, use

of the system was seen as most appropriate for

an additional resource, such as a shift technical

advisor or extra reactor or senior reactor operator.

During normal operations, broader exploratory ac-

cess was considered acceptable, while decision

authority remained with the shift manager, rein-

forcing the view of the LLM as a collaborative

support tool rather than integrated control-room

automation.

5.2. Identified use cases beyond the study
scenario

Beyond real-time fault diagnosis, operators identi-

fied several potential applications for LLM-based

tools in nuclear operations. These included con-

tingency planning prior to actions that affect plant

conditions, preparation for maintenance activities,

and assessment of risks associated with simul-

taneous operations. Participants also viewed the

LLM as a promising advanced search interface for

accessing system information, historical events,

industry operating experience, and procedure con-

tent. Finally, operators suggested that incorporat-

ing historical trend data could enable the system to

support expectations of plant behavior following

specific actions, provided the model was suffi-

ciently plant-specific.

6. Discussion: implications for
LLM-based operator support

Operator interaction with the LLM suggests that

its primary value lies in supporting cognitive pro-

cesses rather than providing definitive answers.

Operators used the system to explore alternative

explanations, test emerging hypotheses, and re-

trieve relevant documentation—behaviors consis-

tent with sensemaking and hypothesis-driven di-

agnostic reasoning. This aligns with established

models of nuclear operator cognition, in which

diagnosis is iterative and shaped by evolving in-

formation and uncertainty. The LLM functioned

as an additional cognitive resource that expanded

the space of considered explanations while leav-

ing diagnostic authority with the operators.

Operators consistently framed the LLM as

an advisory information source rather than

a decision-making authority, reflecting estab-

lished safety principles emphasizing conservative

decision-making, accountability, and human con-

trol. Positioning the system as suggestive rather

than directive appears critical for acceptance and

may help mitigate automation bias. These findings

indicate that acceptance of AI-based tools in nu-

clear operations depends not only on technical ca-

pability but also on alignment with existing roles,

responsibilities, and decision hierarchies.

6.1. Trust, transparency, and mental
model alignment

Trust in the LLM was not immediate but was

described as something that would develop over

time through repeated use and validation. Op-

erators evaluated system outputs by comparing

them with their understanding, training, and ex-

perience, cross-checking real-time plant param-

eters, and consulting referenced documentation,

often through crew discussion. Outputs that con-

flicted with expectations were treated as inputs

for further deliberation rather than authoritative

guidance.

Operators emphasized that trust calibration de-

pends strongly on presentation and transparency.

Clear response structure, use of domain-specific

terminology, and explicit references to source

documentation were viewed as prerequisites for

meaningful engagement. Misconceptions about

system capabilities—such as assumptions that the

LLM performed physical simulations or generated

trend plots—highlighted the need for training that

clearly communicates system functionality and

limitations. These observations reinforce that trust

is shaped not only by accuracy, but by trans-

parency and alignment between operator mental

models and actual system behavior.
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6.2. Workflow integration and broader
operational value

Operators emphasized that LLM interaction

should not interfere with primary monitoring or

procedural execution tasks. Instead, interaction

was seen as most appropriate for an additional

resource, such as a shift technical advisor or ex-

tra operator, particularly during abnormal events.

This highlights the importance of integrating AI

tools in ways that respect existing team structures

and attentional demands, supporting collaboration

rather than competing for cognitive resources.

Beyond real-time fault diagnosis, operators

identified additional promising applications for

LLM-based tools, including contingency plan-

ning, training, document retrieval, and access to

historical operating experience. These use cases

involve lower time pressure and risk and align well

with LLM strengths in information synthesis and

retrieval. Prioritizing such applications may offer

a more feasible pathway for early deployment,

enabling the development of experience, trust, and

governance structures before considering more

time-critical operational roles.

7. Limitations and future directions

The study’s generalizability is limited by its ex-

ploratory nature, small participant sample, re-

liance on a single simulated fault scenario,

and primarily qualitative evaluation. As such,

the results should be interpreted as hypothesis-

generating rather than evidence of benefit.

Despite these limitations, this work provides

a foundation for further investigation of LLM-

based support tools in nuclear operations. Future

research should consider broader scenario cover-

age, longer-term evaluations, and complementary

quantitative measures of performance and work-

load, alongside technical advances in document

structuring, contextual awareness via simulator

data integration, and selective agentic capabilities

such as guided information gathering or hypothe-

sis tracking. Furthermore, future research should

investigate team collaboration practices and team

roles related to LLM-based support. Together,

these directions aim to clarify the role of LLM-

based systems in supporting safe, effective, and

human-centered nuclear plant operation.

8. Conclusions

This exploratory study examined the use of a large

language model as a diagnostic assistance tool for

nuclear control room operators in a simulated en-

vironment. The findings indicate that experienced

operators were able to meaningfully engage with

the system and perceived it as a useful supplemen-

tary source of information during a challenging

fault diagnosis task. Operators primarily used the

LLM to support hypothesis generation, informa-

tion retrieval, and exploration of potential fault

causes, rather than as an authoritative decision-

making system.

Overall, the results suggest that LLM-based di-

agnostic assistance can be feasible and acceptable

when explicitly positioned as a non-autonomous,

transparent support tool. Operators emphasized

the importance of preserving operator-led reason-

ing, established procedures, and clear decision au-

thority, and highlighted transparency, traceability

to source documentation, and careful workflow

integration as critical design requirements. These

findings reinforce the need for human-centered,

workflow-aware AI design in safety-critical nu-

clear operations.
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