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ABSTRACT

Emerging technologies such as artificial intelligence (AI) and machine learning are rapidly evolving
and promising tools for efficient and continued safe operations of the U.S. nuclear power plants
(NPPs). Emerging Al techniques like large language models (LLMs) are one such technology that
may help personnel at existing NPPs perform work more efficiently. For example, operators may
query the current operational status of a power plant via a chat interface, leveraging LLMs to access
plant-related information in an interactive manner rather than manually collecting various sensor
data for surveillance or work order tasks. This is a fundamental shift in the way operators perform
their tasks today. The literature of human-automation interaction indicates that trust is a crucial
factor that drives a successful interaction between a human operator and an automated system, like
an Al-infused NPP application. This work presents the results of a literature review on key factors
that relate to trust in AI/LLM technologies for NPP applications. These key factors include
trustworthiness, performance characteristics, operator skill, and perceived risk. This preliminary
literature review will guide model development and evaluation involving the key factors influencing
trust in Al and will develop a framework for a human-centered design for an interface between
humans and Al. By addressing trust, this work supports developing a technical basis for designing
key characteristics of AI/LLM to support calibrated trust, which will ultimately support widescale
adoption of AI/LLM technologies, as well as ensure their safe, effective, and reliable use.

Keywords: Nuclear Plant Modernization, Artificial Intelligence, Large Language Models, Trust,
Trustworthiness

1. INTRODUCTION

Nuclear power in the United States represents the highest capacity of other electricity generating sources
[1], necessary for economic viability and environmental sustainability. Unfortunately, many existing
nuclear power plants (NPPs) in the United States face challenges that present economic risks in continuing
operation beyond their existing licensing period, such as managing an aging workforce, managing the
obsolescence of existing instrumentation and control equipment, and identifying ways these plants can
reduce their operating and maintenance costs. These challenges necessitate modernizing existing reactors
with emerging technologies. Notably, advanced technologies involving artificial intelligence (AI) and
machine learning may provide a promising solution to address these challenges. Emerging Al techniques
like large language models (LLMs) are one such technology that may help personnel at existing NPPs
perform work more efficiently. For instance, Visualization for PrEdictive maintenance Recommendation
(VIPER) provides an interactive, user-centered visualization that allows for an analysis of heterogenous
data, work orders, and accident and condition reports and an assessment and diagnostic of the health of the
nuclear system for predictive maintenance [2], see Fig. 1.
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Figure 1. A screenshot of the VIPER interface [2].

One way to extend VIPER’s capabilities is using a chat interface leveraging LLMs to support the user in
interpreting the information provided by VIPER [2], accessing real-time information about the current
operational status of the power plant. For instance, operators who may be unfamiliar with machine learning
can access plant-related information and explanations in an interactive manner through the VIPER chat
interface by querying text-based questions or providing graphical content (e.g., plant schematics). The level
of questioning by the user to the chatbot can be of different levels of granularity. The responses for the
chatbot may provide relevant or irrelevant information to the user’s question. For instance, a key challenge
with LLMs is that they can hallucinate, providing erroneous information. If the chatbot presents irrelevant
or inaccurate information, the user may make erroneous conclusions if these inaccuracies are not
recognized. Moreover, trust in the system for future use may also be diminished if these inaccuracies are
recognized.

Thus, trust is a critical area to ensuring the safe and reliable use of Al as well as to accelerating the rate of
adoption. The successful integration of advanced technologies like Al into existing NPPs requires an
interdisciplinary approach to identify and control factors related to operator attitude, behavior, and
performance for their continued safe and reliable operation. With the ever-advancing capabilities of Al, a
human-centered approach to the design interface between human operators and Al-powered information
systems is increasingly crucial for ensuring successful human-systems integration in the nuclear power
space. This paper provides a preliminary literature review of factors that influence trust in LLMs and offers
directions for future human factors research to characterize and optimize interactions between human
operators and Al-enabled information support for safe and cost-effective NPP operations.

2. LITEREATURE REVIEW



2.1. Human-Automation Trust

Insights from the literature on human-automation trust and interaction may set a useful foundation for
research on trust in AI/LLM. Automation trust is commonly defined as “an attitude that an agent will help
achieve an individual’s goal in a situation characterized by uncertainty and vulnerability” [3]. Previous
work indicates that trust influences the performance of human operators interacting with technologies
equipped with varying levels of automation [4], response behaviors [5], visual scanning patterns [6],
attentional distribution [7], and behavioral intention to accept the technology [8][9]. While trust is known
to influence many behaviors of operators interacting with the technology, a psychological construct critical
for the safety of high-consequence domains such as NPP operation, there are a number of factors that can
influence trust in automation.

Perhaps the most comprehensive model of automation trust is the three-layered model of trust offered by
Hoff and Bashir [10]. Briefly, their model distinguishes dispositional trust, situational trust, and learned
trust to capture both the static and dynamic nature of trust evolution and maintenance during human-
automation interaction. First, dispositional trust refers to an individual’s general tendency to trust
automation, independent of context or specific characteristics of the system. Culture, age, gender, and
personality traits of the operator are factors that fall under this category.

Second, situational trust captures the development of trust in automation that highly depends on variability
in each situation (e.g. operators having high or low workload levels to complete work tasking). Factors
influencing situational trust are classified into either external or internal variability. External variability
refers to performance characteristics of the system such as transparency [11], complexity [12], and
difficulty of the task [13] that determine the strengths and weaknesses of the system. Internal variability
refers to characteristics of the operator that are more transient than dispositional, such as self-confidence,
subject matter expertise, automation complacency, and attentional capacity [14][15].

In the realm of NPP operations fused with AI/LLM, subject matter expertise is likely to play a big role in
accounting for performance variabilities in the success of task operations. Finally, learned trust, perhaps
the hallmark of Hoff and Bashir’s [10] model, contrasts initial and dynamic learned trust that develops prior
to and during human-automation interaction, respectively. Preexisting knowledge, such as expected system
characteristics, its reputation, and the operator’s existing mental model of the system, sets their initial
learned trust, followed by trust calibration based on their perception and experiences on system
performance, such as reliability [16][17], predictability and dependability [18][19][20], and type of errors
[51[21][22].

The development of learned trust is modeled as an evolving psychological state that adapts to dynamic
experiences with the automation. Interestingly, Lee and See [3] already conceptualized this aspect of
learned trust in their model using three attributional abstracts of trust—performance, process, and purpose.
Namely, performance-based trust represents trust that develops solely based on observed behaviors of
automation such as reliability, types of errors, and response speed. Process-based trust denotes trust that
develops based on the underlying algorithm of automated processes while purpose-based trust refers to trust
defined by the ultimate goal of why the automation was developed. Both Hoff and Bashir’s [10] and Lee
and See’s [3] models identify trust as a psychological construct is at times dynamic, develops during human-
automation interaction, can be influenced by several factors, and characterizes human performance in
complex task environments.

2.2. Factors that Drive Human-Automation Trust



In Al-infused NPP operations, which of the various factors in Section 2.1 influence trust in LLMs? We
conducted a systematic review of the human factors literature surrounding autonomous systems such as Al
and LLM that identified various factors related to trust. In total, we identified 41 papers published in the
human factors literature by searching using the keywords “automation,” “AlL” “LLM,” and “human
factors.” Within the 41 papers, we found 21 papers discussing trustworthiness, nine on performance
characteristics, five on operator skill, and six on perceived risk.

2.2.1. Trustworthiness of LLMs

While trustworthiness and trust are sometimes used interchangeably in the literature, trustworthiness of a
system can refer to an intrinsic property of the system (the trustee) manifested to the automation user (the
trustor) [23]. Attributes like automation reliability and explainability [24] are used as estimates of
automation trustworthiness, but a comprehensive list of attributes of trustworthiness await a more detailed
literature review and analysis [24]. More broadly, according to Fukuyama [25], trustworthiness of a system
comes from guidelines, certification agencies, and organizations that regulate the system (e.g., U.S. Nuclear
Regulatory Commission), calling for a broader definition of trustworthiness of technologies related to
nuclear energy.

Currently, a diverse set of approaches exist for defining trustworthiness in LLMs. Yet, Huang and his team
[26] proposed probably the most comprehensive benchmark of trustworthiness in LLMs available to date
across six attributes, trustfulness, safety, fairness, robustness, privacy, and machine ethics, in a
comprehensive study called TrustLLM evaluating 16 mainstream LLMs using 30 datasets. These attributes
are likely to additively contribute to characterizing overall trustworthiness in LLM, thus influencing
operator trust. Stanton and Jensen [27] proposed trust (T) as a function of user trust potential (UTP) and
perceived system trustworthiness (PST) as the following equation:

T(u, s, a) = f(UTP(u), PST(u, s, a)) )

where a user u interacts with an LLM with characteristics s within a context a. Here, incorporating the
attributes identified in Huang et al. [26], the parameter s may be defined as:

s =, attribute; 2)

where attribute; denotes " attribute in TrustLLM. Further research is necessary for investigating the
function between UTP and PST that form user trust in LLMs and the weights among the six attributes in
TrustLLM that drive optimal trust in LLM.

2.2.2. Performance of LLM

Operators may develop their performance-based trust in an automated system especially when they have
access to perceive system behaviors [6]. A meta-analysis study that examined factors predicting trust in Al
showed that both the performance and reliability of Al significantly predict trust in Al [28], aligning with
the common findings in human-automation interaction literature. Interestingly, perceived Al attributes such
as personality, anthropomorphism, reputation, and transparency, in addition to system performance,
significantly predict trust in Al. This suggests that Al performance should be clearly communicated to
human users to gain their trust. These findings may also extend to trust in LLMs as responses from an LLM
may contain statements with various levels of accuracy and precision along with nuanced delivery
depending on the context. Further research should focus on how performance and its presentation to users
affect trust in LLMs.



2.2.3. Operator skill

In the same meta-analysis study [28], ability-based factors related to operator skills such as operators’
competency and understanding of the Al system as well as their expertise in their task were significant
predictors of trust in Al. This suggests that operators with more experience with Al systems are more likely
to trust an Al system. One consideration in the modern nuclear industry is that operators with extensive
experience in reactor operations are also aging, potentially facing issues of cognitive aging [29][30], which
calls for designing emerging technologies that consider the characteristics of an aging workforce. However,
the results of the meta-analysis show no significant relationship between operators’ ages and their trust in
the Al system. More research should examine the effect of expertise on trust in Al independent of aging,
because the results may reflect the cohort effect. Relatedly, their findings suggest individual differences—
culture, gender, and personality traits—significantly predict trust in Al, suggesting that there is a
considerable variability in how operator skills interact with individual characteristics to shape their trust in
Al For example, individuals with more innovative mindsets tend to trust in the Al system more, implying
that future LLMs may be perceived as more trustworthy to those who hold more positive attitudes toward
novel technologies.

2.2.4. Perceived risk

Decisions are often characterized by an element of risk, in which risk is defined as “the extent to which
there is uncertainty about whether potentially significant and/or disappointing outcomes of decisions will
be realized” [31]. Perceived risk is an essential component of trust development, where trust in an agent is
influenced by how risky a situation is. Depending on the context, a high-risk situation can cause operators
to rely on automation more than human teammates [33], elevate trust in high-workload environments [32],
and increase the accuracy of participants at the cost of spending more time verifying the automation
responses [34]. Yet, in other contexts, increased risk can cause a decrease in use behavior and trust in
automation [35]. For example, if users are concerned that the chatbot may provide incorrect information or
are concerned that the technology will threaten their job security [2], then they may be less likely to use the
technology. System aspects, such as automation transparency, have been shown to mitigate the negative
effects of risk [34]. However, a further investigation of risk within the context of human-automation
interaction is necessary. Moreover, the unique risks of NPP operations have yet to be studied within the
context of trust in LLMs.

3. CONCLUSIONS

Recent development and proliferation of advanced technologies such as Al and LLMs are likely to support
significantly reducing costs by enabling human operators to rapidly access a large volume of plant data
(e.g., including sensor data, incident reports, condition reports) to make more timely and strategic decisions.
Specifically, advanced computing is expected to allow information extraction from unstructured data via
natural language processing and visualization of the data to spark insights. One promising way for human
operators to interact with Al is through a chatbot that leverages natural language processing and LLMs
(e.g., OpenAl). In this context, our paper focused on identifying factors pertinent to driving trust in LLMs
for work performed at NPPs.

In the vast literature of human-automation trust, our literature review has revealed four major factors—
LLM trustworthiness, LLM performance, operator skill, and perceived risk—crucial for the success of Al-
infused NPP operations (Table 1).

Table 1. Identified factors that are likely to influence trust in Al-infused NPP operations.

| Factors | Areas of Further Study




LLM Trustworthiness Trustfulness, safety, fairness, robustness, privacy, and machine
ethics
LLM Performance Transparency, personality, anthropomorphism, reputation
Operator Skill Competency and understanding of the Al system, task expertise,
individual differences (culture, gender, and personality traits)
Perceived Risk The effects of risk on reliance, trust, and use behavior

First, trustworthiness is an LLM characteristic that influences the growth of trust in the LLM through
interactions between the human user and the LLM. Six attributes—trustfulness, safety, fairness, robustness,
privacy, and machine ethics—are considered pertinent constituents of trustworthiness that shape trust in
LLMs. Second, significant predictors of trust in LLMs include not only an LLM’s behaviors and
performance in different levels of transparency [11] but also perceived attributes including personality,
anthropomorphism, and reputation of LLMs. Third, operator skills, specifically their competency and
understanding of the Al system and expertise in the very tasks that they routinely perform in the NPP, also
predict trust. Various individual differences such as culture, gender, and personality traits were also found
significant predictors of trust, calling for a large study to model relationships among these variables known
to shape human-automation trust. Lastly, risk in general plays an essential role for trust to emerge, and
previous research showed that operators under use and trust the system more under higher levels of
perceived risk. However, more research awaits to characterize the effect of risk on human-automation
interaction and trust, especially trust in LLMs.

A series of human-subject experiments exploring the identified factors may give insights into psychological
mechanisms that control trust development, maintenance, and recovery through dynamic interactions
between human operators and LLMs in NPP operation tasks. In the context of LLMs, trustworthiness may
be better characterized by various evaluation criteria being developed for LLMs such as relevance,
hallucination, and question-answering accuracy, beyond the attributes identified in the TrustLLM study
[26]. To improve LLM performance, retrieval-augmented generation (RAG) allows “crosschecking”
answers an LLM is generating internally with an external knowledge base (e.g., accident and condition
reports) to provide accuracy verification and avoid hallucinations and privacy violations. Controlled
experiments on RAG’s influence on operator behaviors and trust may test how operators explore and check
the accuracy of LLM’s responses for tuning their trust.

Additionally, with RAG, human operators may access levels of “confidence” for each output from an LLM.
However, how to implement this additional information to the existing interface warrants extensive user-
experience research. For example, various color-coding schema may influence their perception,
comprehension, and integration of the LLM outputs for their decision-making. Our team is currently
conducting human-subject experiments to examine the effectiveness of color-coding on operator behavior,
trust, and eye movements (Fig. 2).

The adoption and actual use of rapidly evolving Al-inspired technologies such as LLMs likely require
tapping into each of the four factors identified in this study. That is, RAG is just one mechanism that can
improve reliability of the information internally generated by an LLM, influencing LLM trustworthiness
and perhaps transparency in LLM performance (abundance of RAG-based information can bury important
messages in it). For example, prompt engineering allows optimizing input prompts to guide the Al model
toward more accurate, useful, or context-relevant responses, thus influencing the reliability of generated
information. In the context of NPP applications, though, the experiences and risk perception of LLM users
interactively and organically shape the development, maintenance, and calibration of trust in LLMs. For
example, background knowledge in nuclear engineering and reactor operations may affect users’
understanding of LLM-generated responses. Relatedly, users with greater knowledge of, or experience



with, NPPs may anticipate specific risks when LLM outputs contradict their expectations. Currently, our
team is extending the human-subjects research to compare performance data between university students
and employees at Idaho National Laboratory to elucidate individual differences affecting trust in LLMs.
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Figure 2. A simulated LLM chat interface in the NPP context [2].

In conclusion, this paper outlines the results of our initial literature review on factors crucial for operator
trust in LLM as a novel technology expected to streamline and improve NPP operations powered by Al
Integrating Al and LLMs into existing NPP fleets is a promising and attractive solution for continued safe
and more efficient operations. However, more experiments and efforts to model interactions between
human operators and advanced technologies such as Al and LLMs, focusing on trustworthiness,
performance, operator skills, and perceived risk, are necessary for successful human-systems integration

that will ensure the accelerated adoption of these technologies and ensure their safe and reliable use in the
modern era of nuclear electricity generation.
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