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Abstract - Even though Al often seems accurate, it can still make mistakes. This paper examines the productive
use of Al in urban management and evaluates user trust in Al systems, particularly ChatGPT. It examines several
ways in which Al experts, non-experts, and those in the energy domain use Al, as well as how they develop mistrust,
doubt, or over-trust in the results produced by Al, which often suggests the dangers of these trust states. Both trust
and distrust can affect Al-assisted decision-making, which can lead to unnecessary rejection of accurate Al
suggestions, ultimately reducing the benefit of Al. This study explores an important gap in Al trust behaviors, which
can be ignored by normal models. This was done by using the VIRTSI (Variability and Impact of Reciprocal Trust
States Toward Intelligent Systems) theory to observe the evolution of human-Al trust through Deterministic Finite
Automation (DFA) and measure trust actions using user-adapted confusion matrices. The results confirm that
VIRTSI can monitor changes in trust. According to the study, energy experts tend to over trust Al because of its
confident and seemingly reliable responses, while Al experts show mistrust because they are aware of Al's
limitations. = Non-experts show  inconsistent  trust, which  highlights  decision-making issues.
In the end, it confirms VIRTSI as a key model for evaluating and improving confidence in Al-driven solutions,
ensuring that Al systems are not only trusted but also used effectively and ethically in energy applications. Unlike
other previous models of technology acceptance that merely focus on adoption, VIRTSI offers a continuous and
statistical approach to trust measurement, identifying negative trust patterns and suggesting improvements. Unlike
previous models of technology acceptance that merely focus on adoption.
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1. INTRODUCTION

1.1 Background and Importance of Language
Model: Its Significance in the Urban Energy
Sector

Artificial intelligence (AI) has made a greater impact
on today's businesses by improving data analysis and
automating complex processes in organizations.
Important developments include deep learning and
machine learning, which made useful applications,
such as improvements in deep learning methods and
hybrid Al models [1]. These machine learning
models and analyses influenced areas like healthcare,
education, and businesses. Deep learning also
benefits fields such as computer vision, natural
language processing, and autonomous systems [2],
[3]. The ability to handle difficult computational
tasks in technical applications should be appreciated.
Artificial intelligence (Al), information systems, and
applications are more developed, which makes it
easier to include Al in many kinds of fields. These
developments promote better decision-making and
automation while boosting Al’s involvement in fields
like autonomous systems and data analysis [4], [5].
Surveys on Al-based technologies provide many uses
in several sectors as well as for future advancement

(61, [7].

Moreover, changes in Knowledge-based Software
Engineering are contributing to more efficient Al-
driven decision-making processes and software
system design, helping to solve increasingly complex
and dynamic challenges [8]. Research in Smart
Decision Technologies continues to provide valuable
platforms for exploring advanced Al systems and
handling difficult challenges [9]. AI helps in
increasing carbon reduction in energy-intensive
businesses by improving energy production, delivery,
and consumption. It is important for helping the
movement to greener, more sustainable energy
systems [10]. Al technologies give new solutions to
the difficult challenges of decarbonizing in the
energy industry [11]. These developments are needed
for improving grid management, like developing
energy storage technologies as well as improving the
utilization of renewable energy sources, which helps
to support the global goal of reducing carbon
emissions. In addition, AI supports industries in
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aligning their operations with the high carbon
reduction targets set forth by the Paris Agreement
[12]. The Paris Agreement highlights the critical need
to keep global warming well below 2 degrees Celsius
(United Nations, 2015), requiring new methods of
reducing the effects of climate change [13]. Al may
greatly help such attempts through using creative
methods to improve demand responses and overall
efficiency [14], as well as applying transfer methods
of learning for solar power forecasting under data
shortages, improving primary issues in renewable
energy management[15].
The language model that is considered important
today is ChatGPT by OpenAl [16], which is based on
generative artificial intelligence and has great
potential for urban energy. This tool is used by all
urban energy consumers, including building owners,
tenants, landlords, residential managers, and energy
experts, as ChatGPT can offer both solutions and
advice on complex topics because of its natural
language fluency and vast knowledge base from huge
data sets. ChatGPT helps users by providing easily
available information and gives guidance on energy-
saving techniques. But when Al is included in
important decisions, the measure of accuracy of the
information and trust that both expert and non-expert
users place in these technologies is to be questioned.
ChatGPT is used in many industries, such as business,
education, and healthcare for various things.
However, the accuracy of its responses and the
efficiency of human-Al interactions might vary
greatly across various fields, making it important to
evaluate its performance on a domain-by-domain
basis. For example, in the business sector, [17] an
empirical study analyzed the benefits of ChatGPT for
organizational performance, showing its importance
in improving business operations. Also, in healthcare,
[18] ChatGPT’s  performance in  medical
examinations, records, and education in Chinese
reviews its abilities towards improving medical
practices.

1.2 Application of Chat GPT and Trust
Evaluation Across Domains

In education, [19] explored ChatGPT’s role in

resolving independent learning challenges, especially
in mathematics showing its efficacy in educational
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environments. [20] tested ChatGPT’s capabilities in
the field of chemistry, searching if huge language
models to understand complicated scientific topics.
Reference [21] explores how ChatGPT could be
utilized to improve learning in physics education.
Similarly, [22] others study the function of ChatGPT
in Intelligent Traveling, an important area in Al-
driven autonomous systems, focusing on how it is
used in interactive engines for intelligent driving
technologies. The performance of this language
model varies greatly depending on the field that it
was applied to. So, these studies show how important
it is to measure accuracy and engagement in different
fields. The current work focuses mainly on
generative Al systems, especially Large Language
Models (LLMs) such as ChatGPT, rather than usual
machine learning or deep learning methods.
This research develops upon the initial research given
in [23], which studied the interaction of non-expert
stakeholders with Al in the energy urban area using
the VIRTSI (Variability and Impact of Reciprocal
Trust States towards Intelligent systems) framework
[24]. While that study offered basic insights into how
users interact with Al-driven tools and trust
transitions, the current work expands the analysis by
adding expert stakeholders from two categories, like
Al experts and Energy Domain experts that helps in
improving the VIRTSI model for a deeper evaluation.
This paper tries to provide a clearer insight about
trust assessment and its consequences for using Al in
urban energy systems by looking at how both expert
and non-expert users engage with Al. Mainly, it
examines the relationship between three stakeholder
groups, such as energy domain specialists, Al experts,
and non-experts in either domain, in the energy sector
by using the VIRTSI model and ChatGPT. The
VIRTSI model is a useful model for this purpose, as
it uses adapted confusion matrices to evaluate the
efficacy of human-Al interaction, from over trust to
distrust [24], recreating different levels of trust. This
paper aims to prove by using finite state automation
and confusion matrices to measure the trust in Al
systems. Also, by focusing on stakeholder interaction
with Al in the urban energy area, this research tries to
evaluate how Al experts, energy sector experts, and
non-experts trust the outputs produced by Al
Identifying the risk factors of trust and
overconfidence in Al and how they affect Al-assisted
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decision-making in energy applications. Filling the
gap between Traditional Al acceptance models by
testing with the VIRTSI framework to monitor and
tune trust constantly. Evaluate how well various user
groups use Al, keeping in mind that people from
different backgrounds may engage with Al at
different degrees of performance.

2 Literature Review and Development

hypothesis

2.1The Impact of Artificial Intelligence on
Renewable Energy Optimization: A Systematic
Review

Al has become an important tool for solving energy-
related problems such as improving energy efficiency,
measuring sustainability, and simplifying the
inclusion of renewable energy sources. Al systems
are being used more in many kinds of energy-related
fields for automating energy-saving methods,
improving resource management, and influencing
policy development. Al is essential for improving
energy efficiency in the building business. Reference
[25] created an intelligent decision support model for
evaluating ways to save energy in buildings. It
enables finding the best methods for minimizing
consumption of energy. This application expanded by
establishing Al-based automation tools to manage the
consumption of energy in tertiary sector buildings.
These developments enable real-time monitoring and
control and help in massive energy savings [26]. In
addition, Al also assists in sustainable energy
evaluations, particularly for rural areas. Principal
Component Analysis (PCA) is applied to evaluate the
energy sustainability of rural populations by
Reference [27]. This method helps to create
customized energy solutions for rural areas and offers
statistical insight into the patterns of energy
consumption. Another area where Al is useful is in
the integration of renewable energy sources into the
energy system. While [15] investigated the use of Al
to determine the sustainability of renewable energy
options using a new transfer learning technique, [28]
reviewed the features and clients of nuclear power
and renewable energy in the context of sustainable
development, showing how AI models can help
decide the most useful energy choices for the future.
Development of policies in the energy industry also
benefits from AIl. Reference [29] examined
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sustainable energy policy variables and gave Al-
supported techniques for the improvement in policy
creation and analysis. These techniques ensure that
energy policies are successful in achieving both
financial and sustainability goals. Al is applied
increasingly to real-time energy management,
particularly in hybrid systems. To improve power
management in hybrid energy storage systems for
plug-in hybrid electric vehicles, Reference [30] used
reinforcement learning. Similarly, [31] used a
reinforcement learning technique for the best control
of hybrid AC-DC microgrids. These Al methods
improve energy distribution networks' efficiency as
well as productivity.

Used artificial neural networks to track energy
conservation attempts but developed ensemble
machine learning models for evaluating the energy
savings of conservation efforts. These models
provide an accurate estimate of energy savings and
help in the effective conservation efforts [32], [33].
For example, it examined artificial intelligence
methods for load demand forecasting, highlighting its
importance in ensuring effective energy distribution
and resource management [34]. In conclusion, Al is
changing the energy sector by raising performance,
boosting renewable energy integration, improving the
development of policies, and optimizing energy
management systems.

2.2 The Role of Transparency and
Accountability in Building Trust in
Personalized Al Systems

Like other industries, there is a rising concern about
using Al in the energy sector. The European
Commission High-Level Expert Group on Al has
stressed that Al needs to be used in a safe and ethical
manner. Trusting Al is a complex idea that is affected
by both social and intellectual variables [35].
According to Source [36], mistrust of Al is different
from mistrust of humans since Al systems provide
specific challenges in building trust. Thus,
developing trust in Al requires addressing both
technological reliability and social- psychological
aspects.Because of this, user simulation is important
for trust, and enhances human-Al interaction.
Understanding human cognitive processes is
important, particularly for industries like energy,
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where Al must adapt to both expert and non-expert
users. It also points out how specific Al systems may
promote trust by changing users' decision-making
processes [37]. The ability of Intelligent Tutoring
Systems (ITS) is that machine learning customizes
learning experiences [38], which helps users by
providing user-friendly interfaces as well as
customized information [39].Various techniques for
user-friendly models exist. While fuzzy logic was
used in [41] to explain users' levels of understanding,
machine learning models have been used for the
identification of emotions in speech [40]. Al-driven
personalization, enabled through fuzzy logic and
artificial intelligence (Al), has been proven to boost
user happiness in educational situations [42]. In [43],
similarity detection through choosing features was
explored, as well as how Al reasoning helps decision-
making, correcting errors, and adaptability [44][45].

These techniques improve user experiences by
making sure artificial intelligence (AI) take into
consideration their needs and abilities, especially
proved in the developments in intelligent tutoring
systems [46], [47]. These similar user modelling
techniques can be used for human-Al interactions in
energy systems, where trust in Al is important for
both non-expert and expert stakeholders.Since the
energy field faces a digital change, artificial
intelligence (AI) systems are being used for many
things, like to improve operations, to manage the
balance between demand and supply, to predict usage
of energy, and to connect renewable energy sources
into the power system. Such applications are useful,
but their efficiency depends on the trust that
stakeholders—both expert and non-expert—place in
them. This trust in Al is important, as there were
high-stakes decisions and complexity of the systems
involved. Many factors affect the trust in Al by the
energy sector, such as the system's overall
consistency, transparency, and clarity. Stability in
these is vital, as decisions made by AI systems
directly affect energy efficiency, cost, and even
safety. For example, artificial intelligence is used in
automated repair and electricity control to detect
problems and prevent shortages. Failure of these
systems might result in a major impact on both
society and the economy. But people's views of
consistency, transparency, and clarity are influenced
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by their individual experiences with Al, their level of
knowledge in the field, their ability to confirm Al
actions, and their understanding of Al.

2.3 The Role of the VIRTSI Model in Shaping
Human Trust in Artificial Intelligence Systems

The study tries to solve the existing gap in cognitive
trust modeling in human-Al interactions, especially
in the energy domain. To help with this, the VIRTSI
model, developed from previous studies [24], offers a
strict statistical framework for understanding trust
dynamics, particularly in the context of autonomous
decision-making. Understanding human trust in Al
requires a framework that captures the dynamic and
context-dependent nature of trust. Traditional models
view trust as a constant impression changed by
system skills such as reliability, transparency, or
usability. However, in high-stakes domains such as
urban energy management, trust changes depending
on real-time interactions and the reliability of Al
outputs.

» Four main trust states are identified by
VIRTSI model

Changes in the trust states: How relationships,
situations, and system performance impact trust in
intelligent systems (like Al, robots, or automated
decision-making systems). Trust is not fixed; it can
differ continually according to elements like stability,
transparency, and past system behavior.

Influence of Trust in System Use and Efficiency:
This study evaluates how changing the levels of trust
influence users' decision-making, acceptance, and
dependence while managing automated systems.
Users might depend more on Al suggestions if trust
grows; if it decreases, people might ignore or dismiss
suggestions.

Stages of Trusting Each Other Using Intelligent
Systems—Trust is not simply one-sided (people
trusting Al); instead, Al systems show actions, which
affect the user's trust. For example, Al systems that
adapt, discuss decisions, or personalize experiences
can create a feeling of common understanding, which
helps in increasing trust among users.
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All these states are evolving, suggesting that people
may switch from one to another as they engage with
Al over time. This method shows the importance for
tracking not just fixed trust levels but also the amount
and patterns of state changes, that have an impact on
the accuracy of decisions.

3.METHODOLOGY

3.1 Stakeholder Groups:

The VIRTSI model that was used in this study is to
monitor the changes in patterns of trust and to
evaluate the consequences of potentially harmful
states like mistrust and over trust. To evaluate
human-Al interaction in the context of energy use,
economical solutions, and renewable energy
production, the study used a GAI system driven by
large language models called ChatGPT.

No of participants: 10 energy experts, 10 Al experts,
and 23 non-expert stakeholders

Non-expert participants (23) - Because non-experts
are the main group who use artificial intelligence
(Al) tools like ChatGPT for everyday energy-related
decisions and, the number of non-expert users was
purposely increased to better represent the opinions
of the public. As more people are added from this
group, more accurate analysis can be done on how
common end users view the generative Al systems.
The participants, who were a mix up of building
managers and homeowners without any formal
training in energy, were in charge of reviewing the
results produced by Al

Expert groups in Al (10)- As there were fewer
qualified workers for maintaining a balanced mix
across both energy and Al domains, the expert groups
were limited to ten participants for each. The purpose
of these expert participants was to provide accurate
reviews and act as targets for evaluating the accuracy
and quality of Al-generated responses. These people
had at least two years of practical experience with Al
technologies and wuniversity degrees in related
subjects.

Energy Expert Stakeholders (10)- Every participant
has at least two years of work experience in the
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energy industry and a university degree in an energy-
related subject.

The mix of twenty-three ten and Ten participants
were selected so as to create a balance between the
breadth of general user input and the depth of
knowledge, allowing the research to gather both
ordinary user trust patterns and expert views.

Five types of human trust were the topic of the study:
Trust- the maximum level of confidence about the
system's durability and function. Distrust- a lack of
trust due to previous experiences or knowledge. A
large lack of trust due to a specific reason is known
as mistrust. Over trust-When trust rises above its
actual skills, safety or wellbeing can be affected.

3.2 Tasks, Data, and Questionnaire
Structure

Using a 16-question survey to observe the ability and
use of ChatGPT's answers on energy usage, other
sources of energy were examined by the users. This
assessment gave useful information about ChatGPT's
use in providing complex data between expert and
non-expert users, which made stakeholders either
approve or reject the Al's answers based on their
accuracy and relevancy that had been observed. The
issues are identified based on the study group's
energy experts' direct conversations with energy
stakeholders, using Frequently Asked Questions
(FAQs). Additionally, to create multiple trust state
variations for users and to assess how their trust in
ChatGPT changes during the period of the
conversations, a number of important elements have
been included when creating the questions.

Collection of data:

Using ChatGPT's past responses, a few questions
were created to accept or oppose ChatGPT's answers,
allowing people to think about how accurate it is.

Actual confirmation: tested how users respond to
incorrect or unclear answers with accurate searches,
which can show ChatGPT's errors, like producing
mistakes.
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Personal priority: ChatGPT was requested to put a
value on answers for particular questions in order to
see how users felt about its ability to make decisions
and make judgments.

Simple but interesting questions: In order to show
ChatGPT's accuracy and fluency and to increase user
trust, some questions were created that were very
simple to answer.

Questionnaire Structure

After participating in any of the other energy content,
users were first asked to share their first ideas about
trusting Al and ChatGPT, shown in Table 1. The goal
of this stage was to set an example for participants'
views on Al systems. Then the study was able to
measure changes in views during initial participation.
Because of this, the final testing gave important data
on how using ChatGPT affected participants' trust in
AL

Table 1. Initial and final questions about trusting Al

and ChatGPT.

TRUST LEVEL

I trust it.

OPTION

I trust it with doubts

I tend not to trust

gl Q| w| >

I do not trust it

E I do not know

Later, users were asked a series of questions about
energy, and ChatGPT answered each one. They were
asked to determine how accurate and helpful the Al's
answers were. Participants choose whether to
approve or reject ChatGPT's response to each
question about energy. Before making their choice,
participants additionally added if they confirmed the
facts. Table 2 shows the multiple-choice answers for
each question on the survey.

Table 2. Multiple choice options for each question of
the questionnaire.

OPTION EVALUATION CRITERIA

A I accept ChatGPT’s reply without
validating it

B I accept ChatGPT’s reply after
validating it

C I reject ChatGPT’s reply without
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validating it
D I reject ChatGPT’s reply after Question | ChatGPT Correctnes | Final
validating it Reply (New | s of | Verdict
Text) ChatGPT

Users were asked to review their trust level in Reply
ChatGPT after completing the energy-related according
questions and examine their ChatGPT's responses. to Experts
The': s.tudy di.d not §how any changes in trust during . What | One of the | Mostly Correct
their interactions with the Al system because the final are  the | most effective | correct
trust assessment used the same HOSWEES s tl.le ﬁr'st most strategies for | answer but
assessme.nt. E)Famples of th'e particular questions in effective | improving includes
the questionnaire are shown in Table 3. strategies | energy subjective
3.3 Exploring the Impact of the VIRTSI for efficiency in | prioritizati
Evaluation Framework on Stakeholder improvin | residential | on.
Engagement and Decision-Making & energy bmldmfgs s

efficiency | enhancing
Processes in thermal
This section explains how trust patterns and residentia | insulation.
interactions are represented using the VIRTSI model. 1 Proper
It also describes how the VIRTSI framework's DFAs buildings | insulation
and confusion matrices are used to recreate the ? helps
questionnaire answers and also uses the VIRTSI 54 maintain
to show user responses to ChatGPT interactions. The stable indoor
data symbols and trust states explain how users' trust temperatures,
changes in reaction to their confirmation actions reducing the
during ChatGPT interactions. need for
States of the VIRTSI Trust: heating and
Trust (T): Trust and confirmation in proportion. cooling
Over trust (O): Dependence too heavily systems. This
Unconditional (U-O): takes answers without results in
verification. significant
Defective (D-O): Needs to make sure but are unable energy
to. savings and
Random (R-O): Has random trust. increased
Distrust (D): Negative opinion long-term
Unconditional (U-D): ignores answers without taking efficiency.
them into considerations. Improvement

Defective Makes
verification.
Justified (J-M): Rejects after a verification fail.
Random (R-M): Mistrusts without reason.
Symbols for Input:
Positive (P): Acceptance

P_sv: Not verified.

P_uv: Following a verification error.

P_cv: After the proper verification

(D-M): a poor attempt at

Table 3. Examples of questions of the questionnaire.
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s may include
roof and wall
insulation,
high-
performance
windows,
sealing air
gaps, and
using energy-
efficient
exterior
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materials. and  water-
2. What is | The  annual | Mostly Correct based cooling
the electricity correct structures can
typical consumption | answer but also help
annual of a medium- | includes lower outdoor
electricity | sized subjective temperatures
usage for | household in | parts  in in dense
a Europe terms  of urban areas.
medium- | depends  on | generalizat 4. Which | Increasing Partly Incorrect
sized building ion. of  the | vegetation correct (partly
household | quality, mitigation | and urban | answer but | irrelevant
in a | number of methods forests is | includes informati
European | residents, and is commonly irrelevant | on)
city? appliance considere | considered parts not
efficiency. On d the | among  the | focused
average, the most most directly on
total may impactful | impactful heat
range ? long-term reduction.
between solutions  for
12,000 and cooling cities,
25,000 kWh as trees
per year, provide shade
including and  reduce
heating, surface
cooling, water temperatures
heating, through
lighting, and evapotranspir
appliances. ation.
3. What | Cities can | Mostly Correct Additional
are reduce urban | correct benefits
effective | heat islands | answer but include
methods by expanding | includes improved
cities can | vegetation, subjective outdoor
use to | developing parts  in comfort and
mitigate green roofs | terms  of community
urban and  parks, | generalizat resilience.
heat installing ion. 5. Why | You are right | Mostly Correct
island reflective did you | to point out | correct
effects? surfaces, mention that answer but
increasing non-heat- | psychological | includes
shaded areas, related or aesthetic | subjective
and designing benefits benefits are | parts in
climate- such as | not directly | terms of
responsive visual or | connected to | prioritizati
urban spaces. psycholog | temperature on.
Using  cool ical reduction.
pavements comfort The answer
in  your | should
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previous emphasize D|/RM |UO |D_ DO |IM T
thermal- functional o M
reduction | cooling R|RM |RO |D_ DO |JM T
explanati | factors  like 0] M
on? shade U|UD |[UO |D_ RO |IM T
coverage, D M
evapotranspir D UD |[RO |D_ DO |IM T
ation, and M M
reduced  heat J|uD [RO |D DO |[IM T
absorption M B M_
through R|RM|RO [RM|RO |[JM [T
vegetation M
density.
14. Suggested There are | Incorrect . o
Provide references correct (Hallucin Negative (N): Rejéctlon: ] ]
reliable included references | ated N_sv: Wlthout'verlﬁcgtlon.'
academic | books and | but also | Reference N_uv: After failed Verlﬁca.tlon. ]
references | research hallucinate | s) N_rv: After successful verification.
on articles on | d The VIRTSI DFA is summarized in Table 4.
renewable | renewable references
energy energy, solar | which do 4. RESULTS
solutions | systems, and | not exist. 4.1 Non-Expert Results
for urban | home-based It is The research study explored three different
household | green considered stakeholder groups' basic levels of trust in Al-
S. solutions. wrong. generated solutions in the energy sector: Non-Expert
However, Energy Stakeholders, Al Experts, and Energy Expert
some entries Stakeholders. 30% of stakeholders who are not
were experts showed total trust in answers given by Al
incorrectly
cited or not 20% of respondents said that they had doubts but still
verifiable in trusted Al
academic 10% of respondents decided against artificial
databases. intelligence (AI).
20% of the respondents showed an absence of trust
by dismissing the Al responses.
Table 4. Table showing VIRTSI Another 20% stated confusion, meaning they were
framework's DFA unclear about their decision to trust the Al
St Nsv [Psv [Nu |[Pu [Nrv |PcvS Conclusion: Non-expert stakeholders' answers show
at | With | With | vFai | vFai | Succe | ucces a wide variety of trust levels, with many of them
e | out out led led ssful sful either completely trusting in the Al or having
Verif | Verif | Veri | Veri | Verifi | Verifi concerns about it.
icatio | icati | ficat | ficat | cation | cation
n on ion | ion 4.2 Al Experts Results
T The Al answers were just entirely trusted by 30% of
UIRM |UO [RM|DO |IM T Al professionals.
[0} B B A careful strategy was seen in the majority, 15%,

IJDDT, Volume16 Issue 5, 2026

which trusted the Al but had a few concerns.
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7.5% of Al specialists said they didn't trust ALl A
further 17.5% had absolutely no trust in the Al. There
was a little percentage that was there but not
identified for clarity, showing little trust or confusion
(30%).

Conclusion: The data show that experts in Al
maintain a critical but generally positive view of Al,
with the majority of them trusting Al-generated
solutions with a few doubts.4.3

Energy Expert Results:
Al Expert Stakeholders

o | trust it
| trust it with doubts

| tend not to trust it

| do not trust it
| do not know

Non-Expert Energy Stakeholders

| trust it

| trust it with doubts

| tend not to trust it

| do not know
| do not trust it
Energy Expert Stakeholders

| trust it with doubts | trust it

| tend not to trust it

| do not trust it

| do not know

Figure 2. Initial Trust States of Expert and Non-
Expert Energy Stakeholders to Al.
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30% of energy experts answered they had total trust
in the Al answers. 10% of the participants have some
worries about the Al. 7.5% of the participants said
they didn't trust the Al. 17.5% said they were totally
mistrustful. 35% of the participants weren't sure if
they should believe the Al or not.

Conclusion: The amount of trust between energy
experts shows a more balanced views, with many of
them showing complete trust while others expressing
doubt or express mistrust. These findings explain
how various stakeholder groups' opinions on trust in
Al change depending on their amount of familiarity
and experience with the technology. Three pie charts
showing the trust patterns for Non-Expert Energy
Stakeholders, Al Experts, and Energy Expert
Stakeholders are used in Figure 2 to show the
findings. As shown in Table 5, the confusion matrix
using VIRTSI was created based on 322 responses
that the 23 non-expert energy gave to the main
section of the survey, which consisted of 14 questions
about actual ChatGPT interactions with non-expert
and expert stakeholders.

Table S. The confusion matrix of non-expert, domain
expert, and Al expert stakeholders according to
VIRTSI DFAs

TOTAL INTERACTIONS WITH 23
NON-EXPERT ENERGY STAKEHOLDERS

PERCENTAGES of NON- | VIRTSI
EXISTENT OR FAILED | CONFUSION
VALIDATION vs | MATRIX
SUCCESSFUL VALUES (TP,
VALIDATION in | FP, TN, FN)
POSITIVE AND

NEGATIVE

ACCEPTANCE

Total Interactions: 322
(P_sv+P uv) % =50%

TP = 160 FP
=80

P cv%=20%
(N_sv+N_uv) % =20%

TN = 50 FN
=32

N cv % =10%

TOTAL INTERACTIONS WITH 10 ENERGY-
EXPERT STAKEHOLDERS

PERCENTAGES of NON-
EXISTENT OR FAILED

VIRTSI
CONFUSION
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VALIDATION vs | MATRIX
SUCCESSFUL VALUES (TP,
VALIDATION in | FP, TN, FN)
POSITIVE AND

NEGATIVE

ACCEPTANCE

Total Interactions: 140
(P_sv+P uv) % =40%

P cv%=35%
(N_sv+N uv) % =15%

N _cv % =10%

TOTAL INTERACTIONS WITH ALL EXPERT
STAKEHOLDERS

PERCENTAGES of NON- | VIRTSI
EXISTENT OR FAILED | CONFUSION

VALIDATION vs | MATRIX
SUCCESSFUL VALUES (TP,
VALIDATION in | FP, TN, FN)
POSITIVE AND

NEGATIVE

ACCEPTANCE

Total Interactions: 140
(P_sv+P uv) % =45%

=20

P cv%=30%

(N_sv+N_uv) % = 15% TN =25 FN
=10

N cv%=10%

5.DISCUSSION

5.1Trust Patterns

A) Evaluating the Role of Trust Dynamics in the
Energy Sector: Insights from Confusion Matrix
Analytics

The discussion of the research's results is given in
this section, with a focus on the patterns of trust that
developed between expert and non-expert
stakeholders. Also, it examines and contrasts
confusion matrix measurements. We produce and
review the next metrics for each of the three cEnergy
Stakeholder Efficiency confusion matrices:

We produce and study the following metrics for each
of the three cEnergy Stakeholder Efficiency
confusion matrices:
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1) Accuracy calculates the percentage of correctly
classified cases related to the total. It shows how well
VIRTSI can tell the difference between trust and
mistrust that is required and those that are not. The
formula is
NumberOfCorrectPredictions
TotalNumberOfPredictions
2)Precision  (Positive  Prediction Value): By
measuring the number of genuine positives among all
expected positives, precision (also known as positive
prediction value) measures the accuracy of positive
predictions. Higher precision in VIRTSI increases
classification accuracy by reducing false positives.
The formula used is

Precision

Accuracy =

(TruePositives(TP))

" (TruePositives(TP) + FalsePositives(FP)
3) Precision (Positive Prediction Value):calculates
the percentage of true positives among all expected
positives in order to measure the accuracy of positive
predictions.

Higher precision in VIRTSI increases classification
reliability by lowering the number of false positives.
The formula is

Recall

(TruePositives(TP))

- (TruePositives(TP)) (TruePositives(TP) + FalseNegatives (F

4) The selection (specificity or true negative rate):
Determines the precision of negative predictions by
calculating the percentage of true negatives among all
recommendations. Highly accuracy in VIRTSI means
that false positives can be reduced by correctly
separating wrong views. The formula is

Selectivity

TrueNegatives(TN)

" TrueNegatives(TN) + FalsePositives(FP)
5) The chance of incorrect Alarm (False Positive
Rate): It shows wuser accuracy and shows the
percentage of real negatives that are incorrectly
identified as positives.
TABLEG6.TheconfusionmatrixmetricsofNon-
Expert,DomainExpertand AIExpertStakeholdersAccordingt
oVIRTSIDFAs.

Metric Non- Energy- Al-Expert
Expert Expert Stakeholde
Stakeholde | Stakeholde | rs
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IS IS

Precision 0.6667 0.7368 0.8095

Recall 0.8333 0.8235 0.8947
(Sensitivit
y)

Selectivity | 0.3846 0.5455 0.5556
(True
Negative
Rate)

False 0.6154 0.4545 0.4444
Alarm
Rate

(FAR)

False 0.3333 0.2632 0.1905
Discovery
Rate
(FDR)

Miss Rate | 0.1667 0.1765 0.1053
(FNR)

MCC 0.2455 0.3859 0.4857

By decreasing improper mistrust or trust in Al
responses, reducing this value in VIRTSI helps with
maintaining of system trust. The formula is
ProbabilityofFalseAlarm
FalsePositives(FP)
FalsePositives(FP) + TrueNegatives(TN)
6) False Discovery Rate (FDR): Finds the percentage
of inaccurate positive predicts being used as a
measure for accuracy. Improving FDR in VIRTSI
ensures clear positive acceptances. The equation is:
FalseDiscoveryRate
FalsePositives(FP)
" FalsePositives(FP) + TruePositives(TP)

7) Missing Ratio (False Negative Rate): Measure the
percentage of real positives which the system misses.
It gives view about sensitivity and the risk of
neglecting real doubt or trust in VIRTSI. The formula
is

MissRate
FalseNegatives(FN)

variable in the confusion matrix. MCC checks the
overall accuracy and correctness of classifications in
VIRTSI. The equation is

MccC
TP—-TN — FPFN

~ V(TP + FP)(TP + FN)(TN + FP)(TN + FN))

5.2A Framework for Understanding Human—Al
Complementarity in Collaborative Work
Environments and Error Interpretation

B) Evaluating the Effects of ChatGPT Engagement
on  Energy  Stakeholder  Collaboration: A
Comprehensive Analysis

The final section gives a detailed study of the results,
which shows both the possible positives and problems of
using ChatGPT in the energy sector. It also shows the
importance of human experts in Al to test and correct
Al-generated content.

a) Results Analysis

1)Stakeholders with skills:

*High Recall (83.33%): They are more likely to trust Al-
generated positive results as they are able to identify a
key number of true positives.

* Poor performance (66.67%): But a high amount of
errors leads to a lower accuracy, showing a high level
of trust in the Al
* Low Selection (38.46%): They are not very
successful at observing situations where mistrust or
trust do not belong since they are not capable of
correctly identifying real negatives.

* High False Alarm Rate (61.54%): Because many
negatives are incorrectly presented as positives, this
further increases an attraction towards over trust.

* Moderate FDR (33.33%) and Moderate Miss Rate
(16.67%): These values show inconsistent decision
patterns.

* Low MCC (0.2455): This indicates limited balanced
classification performance.

2) Stakeholders with ability in energy:

* High Precision (73.68%): As they are less likely to

~ FalseNe gatives(FN)FalseNegatives(FN) + TruePositla@s (st in Al-generated responses because they

8) Matthews Correlation Coefficient (MCC): A
detailed result that begins with 1 to 1 and covers each
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have trust in their positive estimations.

* High Recall (82.35%): They correctly identify most
of the true positives but can miss some, meaning an
extra careful approach.
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* Moderate Selectivity (54.55%): As compared to
non-experts, they are better at identifying real
negatives.

* Moderate False Alarm Rate (45.45%): Suggests a
more balanced decision pattern than non-experts.

* Moderate FDR (26.32%) and Moderate FNR
(17.65%): Reflect controlled misclassification levels.

* Medium MCC (0.3859): A balance plan with a
good overall assessment can be seen.

3) Stakeholders with AI expertise:

* High Precision (80.95%): Al experts are accurate in
their positive reports, which shows a careful but
successful use of Al, compared to energy experts.

* Moderate Recall (89.47%): A large number of true
positives are collected, but there is a slightly visible
miss that shows there is a chance of mistrust in Al
findings.

* High Selectivity (55.56%): Al experts are better at
finding real negatives correctly, which reduced the
false positive rate.

* Lower False Alarm Rate (44.44%): Indicates more
careful acceptance of Al-generated predictions.

* Low FDR (19.05%) and Low Miss Rate (10.53%):
These reinforce their selective but accurate judgment.
* Highest MCC (0.4857): This shows good
performance during classification and the ideal
balance in general between accuracy and recall.

b) An Analytical Study of Complementarity
Between Artificial Intelligence experts and
Domain Experts

The analysis of the confusion matrix metrics for Al
experts and domain experts (Energy-Experts) reveals
a complementary behavior in how they interact with
Al-generated predictions, each bringing unique
strengths and potential biases to the decision-making
process. This complementarity is rooted in their
respective expertise and how they perceive and trust
Al outputs.

1)Precision vs. Recall:

*Al Specialists: Al experts show high precision
(80.95%), indicating as they are highly accurate in
their positive predictions. So, they are usually correct
if they decide to trust an Al-generated

solution. Their recall (89.47%) is also very strong,
showing they correctly identify most true positives
while still applying caution.It also suggests that Al
experts are usually more careful and essential, maybe
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as a result of their in-depth knowledge of Al's rules.
They could dismiss even Al-generated solutions,
which may be true because they are more alert of the
issues when the Al can fall down.

*Domain  Specialists (Energy-Experts): As
compared to Al experts, domain specialists have a
somewhat lower precision (73.68%) but a high recall
(82.35%), which means they capture almost all of the
true positives. This behavior shows that domain
experts are ready to give up more kinds of positive
predictions produced by Al, which can result in more
false positives. People can be less likely to think that
the use of Al can help them in the workplace due to
their excellent domain knowledge, which makes them
trust Al predictions more.

Reason for Balance:

» The Al specialist's worry arises as they have a deep
understanding of Al's limitations. They have
knowledge of all of the technical details, and they
understand Al can make mistakes in difficult
situations. Because of this, they trust less in Al
recommendations, which results in a decrease in false
positives but more false negatives.

* On the other hand, domain specialists are
comfortable about their particular skills as well as
how Al can support their area-specific decision-
making. They can be less likely to accept Al outputs
due to their experience with energy-related issues,
even if this occasionally results in overtrust (false
positives).

2) Selection vs. Wrong Alarm Rate:

* Al Experts: They have a low false alarm rate
(44.44%), but a moderate selectivity (55.56%) shows
that they can find true negatives correctly. This
shows their safe behavior, which makes them believe
Al less. But in some cases, Al's expectations may
result in incorrect or negative choices.

*Domain Experts: Due to their lower level of
selectivity (54.55%), domain experts are less accurate
in correctly recognizing situations in which mistrust
or trust is not needed, which leads to an increasing
false alarm rate (45.45%).

Reason for balance:

* Al experts usually check Al predictions carefully to
make sure that only the most trusted ones are
accepted, protecting from over trust. This
understanding of the Al drawbacks and their effects
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on behavior when they depend more on Al
* Because Al has been successfully applied to well-
defined activities that they are experienced with,
domain experts may have a more positive view of the
abilities of Al within their own industry. This can end
in an increased amount of false positives when
people's trust in Al beats its real performance,
especially in complex or unclear situations.

3) Missed Rate as well as False Discovery Rate
(FDR):

» AI Experts: Both lower FDR (19.05%) show how
careful and selective their approach is; still, they
accept an Al-generated positive prediction when they
are usually correct. But the higher

miss rate (10.53%) shows that they rarely fail to
detect true positives while still being cautious about
Al errors.

* Domain Experts: Their FDR (26.32%) is slightly
greater, which shows that they accept false positive
predictions more. But they need to make sure that
more true positives are recorded by accepting some
false positives if needed, which can be seen in their
reduced miss rate (17.65%).

Reason for balance:

* While it requires being less diverse (higher miss
rate), Al experts are going to give priority to the
accuracy of the recommendations they approve. Their
goal is to reduce the risk of acting on incorrect data
by making sure that, when people trust Al, it is very
likely to be right.

* Driven by the positive benefits that Al can provide
in their field, domain experts want to use Al to
collect as many accurate predictions as possible due
to their decreased miss rate. Even if they sometimes
make mistakes, their clever use of Al for better
decision-making can be seen in the ability to accept a
greater FDR.

A Balanced Technique:

The same behavior between domain experts and Al
experts shows how important it is to consider these
points about human-Al engagement. To make sure
that Al is not overtrusted, especially in sensitive or
high-risk situations, the experts use an important,
data-driven way to maintain accuracy and reduce
false positives. When comparing domain experts with
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Al experts, they mostly have less trust in Al
predictions, as they show more false negatives.
By using their deep domain knowledge on Al as a
tool for improving decision-making, domain experts
(energy experts) bring a more open and realistic
approach that helps in collecting more positives.
Considering those higher numbers of false positives,
there can be a minor desire for domain experts to
overtrust Al predictions.Using these methods can
result in a more strong and equal decision-making
process where each group's capabilities help offset
each other's disadvantages. In order to use Al's
potential while carefully managing its limits, this
combination can improve the total effectiveness and
trust of human-Al interactions.

5.3 Contribution & Novelty of VIRTSI

Many important results and suggestions for managing
informative and accurate human-Al interactions have
been generated from the VIRTSI model and the
results obtained in the field study using ChatGPT.
A. The Impact of VIRTSI on User Experience in Al-
Driven Platforms: Insights and Implications
Implementation, management, and ethical issues are
all affected by the complicated and complex matter
of trust in artificial intelligence (AI). Issues about
transparency, accountability, and trust sometimes
weaken trust in Al, which makes it difficult for
people and organizations to fully integrate Al
technologies [51]. The feeling of confidence is an
important variable in the implementation of Al in
SMEs, as beliefs on the use of Al are affected by
safety issues and avoiding risk [52]. Also, public trust
in the management of Al is important as different
opinions of Al's role in decision-making show the
importance of clear rules and regulations [53]. Trust
dynamics in Al-driven chatbots also show that
conditions, the performance of machines, and user
experience all affect trust, which needs constant
research to improve Al-human interactions [54]. In
terms of philosophy, as AI without moral and
emotional intelligence, trust in Al can often confused
with dependence, which increases questions about if
Al is truly regarded as trustworthy [55]. [56] suggests
that examining Al to be accurate involves the risk of
transforming it and transferring moral duty away
from politicians and businesses. To make Al systems
are trustworthy and responsible, it is also important to
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find a balance between advances in technology, legal
monitoring, and ethical issues.
The VIRTSI method is an important method over
other standard methods like the Technology
Acceptance Model (TAM) and Diffusion of
Innovations (DOI).

As it provides a planned, numerical, and flexible way
for trust assessment in human-Al interactions. Rather
than using finite state automation and confusion
matrices to track changes in trust, using the VIRTSI
method gives a more complex analysis of trust
evolution than these past designs, which mainly focus
on adoption and spreading. In Al-driven systems,
where trust changes regularly and the relationship is
affected by system performance, errors, and user
experience instead of a single model, this method is
particularly  important. The increased TAM
framework used by [48] to look at college students'
adoption of AI chatbots shows how important
expected value, ease of use, and engagement are in
building trust.In the same way, study on the virtual
world use [49] expands TAM to include social and
psychological concepts like emotional connection
and social presence. Whereas this study identifies
elements that affect initial acceptance, it does not
provide a method to measure how consumers' trust
changes when they come across errors in Al-driven
environments. VIRTSI, on the other hand, is more
suitable for examining trust in difficult, changing
digital ecosystems as it gives an approach for
studying  changes in trust over time.
Interaction technological elements like engagement
and learning effect are included in the i-TAM model
[57]. As this method improves our knowledge of Al
engagement, it cannot differentiate between trust in
artificial intelligence (Al)decisions that are necessary
and those that are not. studies [58] use the
Technology Acceptance Model (TAM) to explore
how people develop trust in ChatGPT, mainly for
ethical concerns and ease of use. While useful, that
work

does not explain what happens to trust when the
system makes mistakes or when users change their
expectations. This is where the VIRTSI model adds
value. By tracking trust as it rises, falls, and stabilizes
over time, VIRTSI offers a clearer picture of how
people actually respond to Al behaviour.
Reference [59] also discusses trust in relation to
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ChatGPT, especially in higher-education settings.
Their findings underline the importance of security
and transparency, but they do not provide a way to
measure trust at different levels or observe how it
shifts. VIRTSI helps bridge this gap by offering a
structured way to examine how trust develops and
changes, giving researchers a more complete view of
user experience.A multi-layer system for trust in
human-Al interactions is offered in Reference [50],
in a concentrate on legal and ethical issues. If their
theoretical approach offers a useful concept basis, it
lacks of an actual, systematic method to measure
changes in trust. By offering a numerical, state-based
methods, VIRTSI applies this trust model and
increases its value to real-world Al systems that need
dynamic trust tests.

VIRTSI id different from these present as it provides
a multi-state, error-aware examination of trust, which
is important in high-risk AI applications like
managing energy, healthcare, and finance. A more
accurate and useful evaluation of trust in Al systems
can be given by its ability to track trust transitions in
real-time, taking user errors into account and adjust
to differences in system performance.

B. The Interaction Between Energy Stakeholder
Groups and AI Technologies: Implications for
Future Energy Policies

The energy sector's trust in artificial intelligence (Al)
systems is affected by a number of important
elements, such as system's clarity, transparency, and
stability. Because Al decisions impact cost control,
safety procedures, and energy efficiency, accuracy is
important. For example, Alis necessary for
automated service and energy grid management,
where it is used to identify patterns and avoid
possible failures. These systems' failure may have
several impacts. It not only impacts current
operations but also other neighborhoods and
businesses that depend on a constant supply of
electricity.But technical features like security,
transparency, and meaning are not the only factors
that affect the trust in artificial intelligence (Al)
systems. It also has a major impact by the personal
interactions that stakeholders’ experts not have with
Al such as field of experience, their capacity to
analyze replies given by Al carefully, and overall
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knowledge of AI technologies. The level of
adjustment in Al responses and the quality of human-
Al engagement tools also have an impact on these
factors.The conclusions of the present research tested
the way energy stakeholders interact with ChatGPT
in the energy field, which gives useful data about the
trust states and confusion matrices of both expert and
non-expert stakeholders. Those can be improved by
the VIRTSI method. It is found that AI experts
commonly show higher levels of mistrust, as they
have knowledge of Al's disadvantages, such as errors,
incorrect data, and a lack of experience in the energy
sector. But experts in the energy sector sometimes
underestimate Al. As a result of the professional
quality and accuracy of Al-generated answers, even
though those answers are incomplete.Particularly, a
number of ChatGPT's logical comments were not
entirely accurate. All stakeholder participants agreed
that they would trust Al, but with errors, because the
Al managed to provide useful context ignoring this.
This shows that even while they may not completely
trust artificial intelligence (Al), they somehow value
the information that these systems provide. The
results indicate the importance of a deeper plan for
human-Al engagement in the energy industry. The
combined knowledge of Al experts as well as those
in the energy domain is important for successful use
of Al technology in energy management.

5.4 Feasibility, Scalability, Challenges

A organized approach for studying and recreating
confidence patterns in human-Al interaction in
energy management is given by the VIRTSI
framework. It also improves Al system design to be
more effective and consistent with human decisions
by imitating trust state phases. But there are still
issues with execution, flexibility, and efficiency
when applying this model in real energy-related
uses.VIRTSI offers an accurate description of how
energy experts connect with Al-driven systems for
decision-making by using DFA to evaluate and
display trust relations. VIRTSI helps in identifying
negative trust states, such as excess belief in Al-
generated energy estimations or excessive mistrust
that lead to poor energy options, by using trust
assessment factors, such as confusion matrices and
accuracy evaluations. The ability to adjust to various
Al-driven energy-related uses, including
consumption planning, smart grids, and energy use
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improvement, affects how useful it is in real energy
networks.

a) Addressing Adaptation and Scalability Issues
VIRTSI has to encourage a large variety of Al uses in
the energy industry, from power distribution control
to renewable energy integrating, to allow them to be
used at large. The accuracy of trust analysis must be
maintained between different types of users, such as
grid operators, policy makers, and consumers with a
variety of Al skills. In order to enable real-time
monitoring of trust-state transitions and ensure that
Al suggestions are correctly connected with human
decision-making in changing energy situations, the
system must also be highly effective in computing.
b)Identifying Challenges and Future
Improvements

The ability of VIRTSI to completely evaluate the
impact of trust-based choices is one of its drawbacks
in energy applications. The missing method in this is
to analyze the long-term effects of trust-related
evaluation errors, but it successfully imitates human
acceptance or rejection of Al-driven suggestions. For
example, mistrusting without any reason may result
in poor energy use and lost improvement options,
while a lack of trust in incorrect Al predictions may
lead to high energy usage. To measure the effects of
mistrust or overtrust on conservation and energy
savings, future research is to focus on adding
consequence-based assessments, adding decision
sensitivity to trust-state modeling, and improving
confusion matrices.The effect of these trust-related
decisions has to be examined in present and future
research, The goal of developing these methods that
determine the value of these mistakes in true energy
management situations. Article [60] published the
first results from this work, offering early ideas on
how trust gaps affect Al adoption and decision-
making outcomes. These results are going to improve
the VIRTSI framework so that it accurately describes
the impacts of behaviors connected to trust in Al-
assisted managing energy. VIRTSI improves trust
analysis, evaluation, and reducing tools to help create
Al systems that are not only technically strong but
also legally as well as social aware. But in order to
overcome problems with scalability and maintain its
efficiency in improving savings and conservation, its
successful use in energy systems needs continuous
improvements
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6.CONCLUSION

6.1 Summary of Findings

In relation to how expert and non-expert stakeholders
interact with Al, this study focused on a new way to
build trust in Al-powered urban energy management.
Mainly, on how expert and non-expert stakeholders
interact with Al Artificial intelligence (Al) offers
more creativity and flexibility in problem-solving
than previous methods, resulting in a new perspective.
But it can also produce incorrect answers, so users
should interact with it carefully rather than carelessly.
So trust in Al needs to be correctly balanced by
comparing the benefits with its drawbacks.

a) Importance of VIRTSI for analysis

In Al-driven decision-making situations the VIRTSI
model gives a more accurate and creative way to find
trust behavior than the traditional models like the
Technology Acceptance Model (TAM) and the
Diffusion of Innovations (DOI), which mostly focus
on the original use and diffusion. VIRTSI models
trust as a development that is affected by continuous
human-Al contact instead of as a fixed idea. In Al
applications like huge language models like ChatGPT,
a complex and modern generative Al tool, this view
gives a clearer picture of trust behavior.By
combining both Finite State Automation (FSA) with
user-adapted Confusion Matrices VIRTSI gives an
organized method for measuring trust changes. It also
allows a complete evaluation on how users interact
with  Al-based energy solutions. In energy
management, where actions are affected by consumer
opinions of trust and honesty in along with the
accuracy of Al-generated suggestions, this detailed
approach is important. In order to prevent both blind
dependence on Al and the insufficient refusal of its
recommendation. Because they can result in errors,
improper management of energy resources, and a
failure to use all of the benefits that Al can offer—it
is important to differentiate between trust, overtrust,
mistrust, and distrust.

b) Trust behavior differences

The study also gives the importance of adding error-
aware evaluation systems that can help to take note of
both human trusting errors and Al mistakes. By
identifying these users who are improperly refusing
correct Al outputs or incorrectly accepting false ones,
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it gives a clear idea of how to improve Al trust
measurement. The use of VIRTSI in high-stakes
energy situations shows its importance for decreasing
the risks of trust errors and ensuring that artificial
intelligence is used effectively without losing
decision quality.

6.2 Future Work / Recommendations

The study explains the unique changes that are
required for better human-Al interaction along with
measuring trust state. The specific approaches in both
human training and Al adaptation are shown by
differences in how to use and also about possible
improper use of ChatGPT among Al specialists,
energy domain experts, and non-experts. By making
sure that their interactions match with Al, their
specific needs, and their levels of expertise,
stakeholders need unique trust measurement methods.
For example, rather than basic Al literacy, Al experts,
who have a more technical understanding, should
need training on identifying and reducing Al bias.
But when consider other side even though they are
knowledgeable in energy-related ideas, experts in the
energy sector may find it challenging to review Al-
generated energy ideas objectively.

a) Evaluating Current Limitations: A
Comprehensive Analysis of Potential Improvements
in Ongoing Research Work

For those who have little experience particularly non-
experts with both Al and energy management, The
training solutions that improve the ability to
differentiate between accurate and inaccurate Al
outputs are useful for them. Similarly, Al itself has to
be improved such that it reacts to each stakeholder
type in a manner that is suitable to their levels of
technical knowledge, expectations, and trust
behaviors. For example, when chatting with Al
professionals, ChatGPT's responses can be changed
into technical explanations and system clarity while
reducing difficult concepts and giving confirmation
techniques for non-experts. Errors and excessive trust
can be reduced by making sure Al adjusts its answers
to user skills, that leads to better energy-related
decision-making. With the improvement in trust
modeling, review, and prevention techniques, this
study improves Al systems so that they can align
with the way humans think. This also makes sure that
it allows better cooperation between stakeholders and
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Al-powered energy-related decision-making tools.
Future research must focus on including the effects of
trust-based choices. Even though the VIRTSI model
is an important step in understanding human-Al
relations. This will also make sure that the use of Al
in energy systems remains both ethical and practical.
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