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Abstract— This study aims to examine sentiments and themes in
deploying solar energy, after the recent enactment of the Clean
Energy Act. It uses text on solar energy from public dockets and
open access social media platforms to fathom mass opinion. It is
crucial for policymakers / stakeholders in smart and renewable
energy to address challenges of energy efficiency and equity.
While we deal with solar energy, many claims here are valid for
other sources such as offshore wind. We propose to harness the
Al-based models of VADER, SentiWordNet and TextBlob for
sentiment analysis, and Latent Dirichlet Allocation (LDA) for
topic modeling, entailing NLP (natural language processing), to
discover knowledge from the given text on prevalent attitudes
concerns and endorsements. The approach dissects textual data,
from assessing nuanced sentiment in social media to extracting
major discussion themes. Numerical analysis on the modeled
data with Pearson’s correlation coefficient offers more insights.
Findings reveal public reaction to solar energy policy, levels of
awareness, mass acceptance, equity issues etc. This novel study
underscores an interplay of solar policy, its mass perception,
and renewable energy usage. It applies AI with a multi-modal
holistic approach, mining textual data to help overcome the
challenges of policy acceptance. It also aims to use Al to balance
energy efficiency and equity, enhancing public engagement for
transition to a fair, sustainable energy future for a smart planet.

Keywords—AI in smart cities, energy equity, renewable sources,
opinion mining, policy, smart energy, solar panels, topic modeling

I. INTRODUCTION

Background: The world today is at the forefront of transition
to renewable energy policies and international agreements
such as the Paris Agreement, which aim to reduce greenhouse
gas emissions and enhance energy sustainability [1]. In
alignment with these goals, the International Energy Agency
projects that solar energy capacity will see an increase of over
125% in the next five years, indicating a significant shift
towards this clean energy source [2]. This worldwide
momentum is significantly highlighted in the United States
through regional efforts, such as the enactment of the New
Jersey’s Clean Energy Act [3], outcomes of which appear in
Fig. 1 here. This legislative framework sets ambitious goals
to increase the use of clean energy, pivoting notably towards
solar energy. The state has made substantial progress in this
area, as evidenced by the installation of more than 5,276
megawatts (MW) of solar capacity, positioning it 9th
nationally in solar installations to power 904,948 homes.
7.44% of the state's total electricity production comes from
solar energy, which is almost twice as much as the national
average [4]. As we intensify efforts to meet renewable energy
targets including solar, offshore wind etc. the dynamics of
public sentiment and societal acceptance are crucial [5].
Public sentiment and awareness play critical roles in the
successful adoption of technologies, making stakeholder
engagement essential in shaping effective energy policies [6].
It is vital to ensure that this transition promotes energy equity
to guarantee that solutions are equitable and affordable,
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addressing disparities in access to such resources. Advanced
analytical tools and modeling methodologies offer nuanced
insights into public attitudes towards solar energy, aiding
policymakers and industry stakeholders in decision-making
processes [7]. Fathoming these aspects is essential to navigate
potential challenges and to leverage opportunities that arise
in the implementation of transformative energy policies.

[ |
400
Bl g 1§

|
‘=nfB00RN]
UZDN

2015 2016 2017 2013 2019 2020 202 2022 2021

Capacity (MW)

M Residential | Commerciol [ Community Solor [ utiity

Fig 1. Solar installations in New Jersey from 2014-2023 [3].

Motivation: The transition to smart and renewable energy,
involves complex and multi-faceted stakeholder engagement
and public perception challenges. Fig 2. shows a series of solar
panels installed at NJ’s Atlantic County Utilities Authority
(ACUA), captured during our own recent site visit there,
showcasing the tangible application of solar technologies as a
part of a global commitment to expanding renewable energy
infrastructure. Previous studies have shown that public
sentiment can highly influence policy effectiveness and
adoption rates [5-7]. Given recent aggressive trends on smart
and renewable energy goals, there is a pressing need to
systematically fathom public sentiment to ensure successful
policy implementation and to foster public acceptance. This
aligns with progressive themes of citizen science and smart
governance. Our study is motivated by the opportunity to fill
gaps in understanding how the public perceives solar energy
initiatives, and to explore the impact of these perceptions on
future energy strategies. Additionally, a key aspect of our
motivation is to address energy equity, ensuring that all
communities benefit fairly from smart and renewable energy
advances, not only to enhance the energy systems but also
contribute to social justice and economic inclusivity.

-

Fig 2. Solar installations in ACUA’s Solar Array Project [8].
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Problem Definition: While legislative strides have been
made in promoting solar energy, there is limited empirical
data on how these policies are received by the public and the
broader implications for policy adherence and success. This
study Our study in this paper thus has the following goals:

1. Analyze mass sentiment towards solar energy policy.
2. Identify core themes on solar energy deployment.

Approach and Contributions: We propose an approach with
a holistic multi-modal analysis framework. We collate data
from a variety of sources: stakeholder comments on statewide
dockets, social media platforms, and press releases. Multiple
Al-infused models of VADER, SentiWordNet, TextBlob, and
Latent Dirichlet Allocation (LDA) are deployed for nuanced
analysis on the collated data, followed by quantitative analysis
via Pearson’s correlation coefficient (PCC). Our work offers
application-oriented Al research. The main contributions are:

e Provide Al-based sentiment analysis to highlight
mass opinions and trends on solar energy policies

e  Perform topic modeling with Al-guided methods to
identify main themes of interest across the sources

e Compare the analyses on formal and informal data
sources to gauge context-specific nature of results

e Integrate qualitative & quantitative analyses to guide
stakeholders on energy efficiency, equity and more

To the best of our knowledge, ours is the 1% novel study in
textual data on solar energy usage with a holistic multi-modal
Al-based approach, aiming to address the key challenges of
maintaining energy efficiency and equity. Our findings can be
applicable to other smart energy sources, e.g. offshore wind.

II. LITERATURE REVIEW

Research on renewable energy technologies shows that public
acceptance is significantly influenced by perceived fairness
and the effectiveness of government policies [6-9]. Real-time
sentiment analysis can enable more responsive governance by
aligning policy implementation with public sentiment and
expectations. This insight is particularly vital to understand
responses to globally interesting policies, e.g. NJ’s Clean
Energy Act, which aims to significantly increase the use of
clean energy, especially solar power. Additionally, a recent
survey assessing public willingness to pay for community
solar projects further illustrates the vital role of economic
considerations in public acceptance of renewable energy
initiatives [10]. Studies further demonstrate that state-level
policies with strong incentives and regulatory support
correlate positively with higher rates of solar energy adoption
and favorable public opinion [11].

A recent study on sentiment analysis to gauge public opinion
on offshore wind projects revealed key concerns related to
environmental impacts and aesthetics [12], which are crucial
insights for addressing potential barriers in implementation. In
the general context of environmental management, opinion
mining helps in understanding public reactions to urban
projects, assisting policymakers to prioritize initiatives and
enhance community engagement strategies [13]. Likewise,
application of sentiment analysis extends to related avenues,
as demonstrated in the air travel sector where it serves as an
important tool for understanding changes in public priorities
and behaviors in response to global events like the COVID-19
pandemic. Analysis of sentiment from traveler feedback
before and after the pandemic identified significant shifts in

public concerns towards health safety [14]. This information
is important for adjusting services and policies to better align
with current public expectations and concerns.

Insights into public sentiment and the multifaceted impact of
smart energy policies highlight the need for further research.
Our study in this paper provides valuable insights into the
interplay of public opinion, policy -effectiveness, and
renewable energy implementation through sentiment analysis
techniques combined with topic at the community and state
levels. Hence, our work contributes to a growing body of
literature that leverages Al-based modeling alongside policy
analysis to explore the dynamics of the smart governance in
the realm of equitable and accessible smart energy.

III. DATA HARVESTING

A. Sources of Data

In order to investigate public sentiments and thematic trends
regarding solar energy adaptation, we consider the state of
New Jersey as the major source of data, especially due to its
high emphasis on clean energy. Comments on New Jersey’s
Board of Public Utilities (NJBPU) dockets [15], and
comments from related Reddit [16] posts are collected. The
latter ensures capturing mass sentiment from an open access
social media platform where anyone can post their views
(without payment), thus helping to target multiple groups
including underrepresented ones and their spokespersons
(who may have wider access to the Internet). Sample positive,
negative and neural comments are depicted in Fig. 3 & 4 here.

NJBPU Comments: A total of 759 documents with
comments are systematically retrieved from specific dockets
provided by the NJBPU focusing on the period following the
introduction of the state’s Clean Energy Act in 2018. The
dockets used in this dataset are:

1. QO18060646: In the Matter of the Community Solar Energy Pilot Program
2. Q020020184-: In the Matter of a Successor Solar Incentive Program
Pursuant to P.L.2021

3. Q022030153-: In the Matter of Community Solar Energy Program

4. Q022080540-: In the Matter of New Jersey Energy Storage Incentive
Program

5. Q021101186 - In the Matter of the Competitive Solar Incentive Program
6. Q019010068-: In the Matter of a New Jersey Solar Transition Pursuant to
P.L.2018,C.17

positive

In sum, our passion is solar energy and our sole focus is helping customers like PSE&G optimize their
renewable energy systems through proper O&M, technical services, commissioning, and education
Through our dedication to solar and renewable energy services as well as other green energy initiatives,
like PSE&G, we are continually making strides to support the reduction of our planet’s carbon footprint
and contribute to New Jersey's clean energy goals

neutral

In the Act, the Legislature recognized that to reach the State's goal for Sustainable Energy, that
certain land uses would have to be made available for siting solar facilities. The legislature also
recognized that certain land uses would not be made available for solar facilities. For Prime
Agricultural Soils/ Soils of Statewide Importance within an ADA, the Bill Statement for the Act

negative
the SMART program and it took much longer than expected for the program to start, and even when it
started there were a host of issues that had not been fully addressed such as metering requirements,
changes to the interconnection process, and constant changes to the SMART incentive application
Fig 3. Sample of comments with positive, negative, and neutral sentiment
from NJBPU Comments dataset.

Reddit Data: Public discussions related to solar energy are
extracted from Reddit using the Python Reddit API Wrapper
(PRAW), which facilitated the scraping of relevant subreddit
threads. This platform is chosen because of its active user
engagement and diverse range of opinions. A total of 959
comments are scrapped from January 2018 to March 2024.
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These comments are extracted from various subreddit threads
pertinent to solar energy discussions.
¥ . positive
| don't have detailed informaticn for you, but just wanted to say my dad got in the SREC

program eight years ago when he got his solar system and it's been very valuable. Good

luck!

-

- [ —
There is a huge market drive. Wind and Solar are the fastest growing source of energy
possibly ever. Even eclipsing the growth of nuclear in the 80s. From the bloomberg NEF
article "As a result, wind and solar together make up the fastest-growing source of
electricity In history. Twenty years ago, they accounted for less than one percent of global

power; 10 years ago, the figure edged up to 3%. By the end of last year, it had surged to
15%."

S B negative

This Is such a stretch and totally not feasible. Electrics becoming as expensive as gas.

neutral

What's the point of this honestly? Why do governors feel the need 1o pass such legislation.

This climate farce is another impending doom for more people to throw away their rights/
privileges.

Fig 4. Sample of comments with positive, negative, and neutral sentiment
from Reddit Comments dataset.

B. Data Preprocessing with NLP

Preprocessing of the data is executed in all the datasets using
the Natural Language Toolkit (NLTK) [17], a comprehensive
Python library designed for analyzing human language data
via Al techniques by incorporating automated methods in
Natural Language Processing (NLP). The preprocessing in
our work involves the removal of stopwords, stemming, and
lemmatization to reduce words to their base or root form.
Additionally, regular expressions are employed to eliminate
irrelevant characters and symbols, streamlining the dataset to
consist solely of meaningful text. This is done to ensure
consistency and accuracy in subsequent analyses.

IV. METHODS AND MODELS

We propose a methodology of combining qualitative and
quantitative Al-based modeling on solar energy data. The
qualitative methods entail sentiment analysis and topic
modeling while the quantitative analysis applies the well-
known measure of Pearson’s Correlation Coefficient (PCC).
These methods are integrated to study mass opinions about
policies on solar energy, fathom the major topics of interest in
the data sources, and assess differences in scores obtained
from various sources. We discuss these methods next.

A. Sentiment Analysis on Solar Energy Posts

In order to systematically identify, extract, and quantify
affective states and subjective information embedded within
the textual data, we propose to deploy sentiment analysis in
this work. A tripartite model, encompassing TextBlob [18],
VADER [19], and SentiWordNet [20] is employed ensuring a
comprehensive and nuanced approach. This approach serves
as a validation mechanism, enhancing the reliability of the
sentiment assessment by cross-verifying results across
different algorithms and lexicons. The justification for each of
these models is provided here.

1) TextBlob: The TextBlob tool for sentiment analysis
evaluates text by aggregating sentiment scores of individual
words. This provides a straightforward API for common
natural language processing (NLP) tasks, including sentiment
analysis. It generates polarity scores classifying comments
as positive, negative, or neutral based on the numerical score,
and subjectivity scores ranging from 0 to 1 [18]. We aim to
use TextBlob to gauge the extent to which users express

sentiments in a purely opinionated versus a more factual
manner, as gathered from subjectivity scores. Additionally,
the polarity scores of TextBlob are useful to assess the nature
of the users’ sentiments.

2) VADER: The VADER technique i.e. Valence Aware
Dictionary and sEntiment Reasoner specializes in calculating
normalized compound scores that reflect the overall
sentiment of a text. These scores are derived from the sum of
positive, negative, and neutral word evaluations and are
normalized between -1 (most negative) and 1 (most positive).
VADER is particularly suited for sentiment analysis on social
media text, with its built-in lexicon and rule-based analysis
framework adept at interpreting the nuances of text-based
sentiment [19]. This explains our need for VADER; we aim
to obtain compound scores that highlight the overall nature of
the sentiment in a given text, going beyond the individual
polarity of its terms.

3) SentiWordNet: The SentiWordNet approach leverages
WordNet's lexical database, assessing words within the
context of their use, utilizing ‘synsets’, or sets of semantically
equivalent synonyms. It is able to contextually analyze
semantic content allows for a context-sensitive sentiment
evaluation of the collated data [20]. This is cruical in our
work as we need to fathom the sentiments in given textual
sources with reference to context, especially as we deal with
a variety of sources ranging from highly formal to very
informal across a diverse range of population demographics.

B. Topic Modeling for Themes in Solar Energy

We propose to harness topic modeling to identify themes and
main keywords in large text sets. GENSIM’s LDA (Latent
Dirichlet Allocation) [21] model is adapted to discover latent
thematic structures in text. LDA is a generative probabilistic
model which assumes that documents are mixtures of topics;
a topic is defined as a distribution on a fixed vocabulary. We
justify the use of this model because it helps us highlight, rank
and connect the major themes of interest within each dataset
analyzed here. This can provide at-a-glance visualization of
the interesting results in a user-friendly manner, particularly
given that they are extracted from plain text including natural
language with its subtleties. Human judgment is automatically
embedded in this Al-infused model, thus facilitating the task
of identifying key themes and topics in various data sources.

Algorithm 1: Sentiment Analysis & Topic Modeling on Solar Energy

INPUT: Preprocessed solar energy data &
FOR comment a in 6 DO:
IF polarity score ¢ > 0 DO:
Add positive label
IF ¢ =0 DO:
Add neutral label
ELSE DO:
Add negative label
END IF
END FOR
OUTPUT: polarity scores ¢ for each comment o

COMPUTE topic model with LDA
SET value of k
OUTPUT: top k values (topics) from data &

Algorithm 1 has our pseudocode to systematically outline the
methods and models harnessed in our proposed approach for

Authorized licensed use limited to: Montclair State University. Downloaded on February 07,2025 at 16:31:16 UTC from IEEE Xplore. Restrictions apply.



sentiment analysis and topic modeling on solar energy data in
this study. This algorithm operates on the preprocessed solar
energy textual data, denoted here as J. It integrates NLP
(natural language processing) techniques to assess public
opinion quantitatively and qualitatively on solar energy using
polarity scores to categorize comments into positive, neutral,
or negative sentiments. The LDA component for topic
modeling identifies prevailing topics, enabling a deeper
understanding of the thematic structures within the discourse.
The k value in LDA alters granularity and comprehensiveness
of the topics extracted from the data. This structured approach
helps in deriving meaningful information from the textual
data in the evolving landscape of smart energy systems. It
intuitively captures human judgment through the Al-based
modeling in the NLP techniques for preprocessing as well as
the sentiment analysis and topic modeling techniques.

C. Pearson’s Correlation Coefficient for Quantification

Pearson’s Correlation Coefficient is a statistical measure of
the strength and direction of a linear relationship between two
continuous variables [22]. Its correlation coefficient, denoted
as "r", ranges from -1 to +1. The p-value associated with this
correlation coefficient assesses whether the observed
relationship is statistically significant. A small p-value
(typically <0.05) suggests the correlation is likely significant
and not due to chance, enhancing confidence in the results,
whereas a large p-value indicates that the correlation may not
reliably reflect a true relationship and could be coincidental.
We justify employing PCC in this study because it can help
to quantify outcomes with statistical significance. Displaying
numbers as outputs is convincing to policymakers and other
stakeholders who are interested in quantitative analysis; they
may need numerical values to assist them in making good
decisions. This also helps researchers to conduct further
studies via numerical modeling.

The steps taken to calculate the PCC are as follows.

a) Sentiment Classification: Use the sentiment scores
calculated using all three models [18-20] for both datasets.

b) Binning: Define bins for sentiment scores ranging
from -1 to 1, with intervals of 0.1, and categorized sentiment
scores into these bins for both datasets.

¢) Normalization: Count the number of comments in
each sentiment bin for both datasets; normalize the counts to
account for different dataset sizes; convert the counts to
proportions of the total counts in each dataset.

d) Data Alignment: Combine the datasets to create a
new DataFrame where each row corresponds to a bin of
sentiment scores, with columns for the normalized counts
from both the datasets.

e) Correlation Analysis: Compute the PCC between
the two sets of normalized sentiment data using the Pearson r
function from SciPy's stats module [23]. Then, calculate the
p-value in order to assess the statistical significance of the
observed correlation.

Note that the methods proposed in this analysis with these
steps can be seamlessly adapted to assess the mass opinions
on other smart energy sources such as offshore wind. Based
on the above methods and models in our proposed approach
for knowledge discovery on solar energy, we now present a
summary the results along with suitable discussion.

V. RESULTS AND DISCUSSION

A. Sentiment Analysis Results

The analysis of sentiment towards solar energy policies
reveals that the overall sentiment is fairly positive in all three
models [Fig 5.]. In the NJBPU dataset, almost all of the
comments are positive, whereas the Reddit dataset shows
some variation with about 59-65% positive, 17-21% negative
and 13-20% neutral comments. Reddit’s sentiment diversity
reflects its broad, anonymous user base, while the NJBPU
dataset likely consists of comments submitted in a more
formal, possibly curated environment where individuals or
organizations may choose to present a more positive or
constructive stance, perhaps due to the official nature of the
submissions. These comments may be from stakeholders who
have a vested interest in promoting positive aspects of
policies and to provide constructive feedback. However,
Reddit is an informal platform where users may feel more
comfortable expressing diverse opinions and criticisms,
leading to a broader range of sentiments coming from various
demographic groups, possibly including negative and neutral
positions. Fig 3 & 4 show the difference in the datasets, and
how NJBPU comments are more formal, whereas the Reddit
ones are less formal. This is indeed a surprising and very
interesting finding! The fact that the mass sentiments across
a wide range of the population differ much from those of the
policymakers can call for further research on a deeper level.

On another note, the consistent sentiment analysis results
across three different tools, i.e., VADER, SentiWordNet, and
TextBlob (see Fig. 4) reinforces the validity of the findings,
suggesting reliable depiction of opinion in the analyzed data.
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Fig 5. Comparison of Different Sentiment Analysis Models on NJBPU and
Reddit Comments (Note that BPU comments are highly positive)

Moreover, Word cloud visualization of sentiment data from
both NJBPU and Reddit platforms show an overlap on the
major topics and keywords being used in both the datasets
[Fig 6, 7]. The NJBPU dataset appears to use more formal
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and technical language. Some words such as "project,”
"community," "storage," and "incentive" hint at discussions
related to the technical and policy aspects of solar energy
implementation. The presence of terms like "clean energy,"
"support,” "development," and "customer" could suggest a
focus on the development and support of solar energy
initiatives, possibly with a tone of professionalism and
formality. On the other hand, the Reddit dataset appears to
contain a wide array of terms that suggest diverse and
possibly more personal opinions on solar energy. Terms like
"bill," "company," "pay," and "price" suggest discussions
around the cost and financial aspects of solar energy
highlighting a key aspect of energy equity. This raises
important questions about whether solar energy policies are
adequately addressing the financial burdens on different
socioeconomic groups. Words like "system," "energy," and
"solar" are expected as central to the topic, but the presence
of emotionally charged words like "scam" or "deal" could
indicate skepticism or concerns regarding solar energy
offerings. Once more, we observe a difference between the
comments from the policymakers versus those by the masses.

o] o]]

support
solar-project

market

clean energy

enewable energy

developer
customer.,.. straw proposal

Fig 6. Word Cloud Visualization of Key Topics from NJBPU Comments on
New Jersey’s Solar Energy Policies.
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Fig 7. Word Cloud Visualization of Key Topics Reddit Comments on New
Jersey’s Solar Energy Policies.
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The trend from 2018 to 2024 indicates a predominance of
positive sentiment through the period, suggesting a generally
optimistic public view towards solar energy [Fig 8]. Positive
sentiments maintain a majority, which could correlate with
major policy implementations or public awareness campaigns.
Notably, there is a presence of negative sentiment that, while
significantly less than positive, persists across the years,
hinting at consistent concerns or areas of dissatisfaction that
may require attention. Neutral sentiment remains the least
common, suggesting that most respondents have a definitive
opinion on the matter. This is another interesting finding.

Subjectivity scores for NJBPU data and Reddit data vary as
well [Fig 9 & 10]. For the NJBPU data, there is a narrower
range of subjectivity scores, peaking in a central range and
lacking scores close to 0 or 1. This suggests that the comments

from the BPU dataset tend to be moderately subjective. They
may express some personal opinions or experiences but
generally stay within a more balanced or factual tone.
However, Reddit data shows wider distribution of subjectivity
scores with significant frequency at both extremes, indicating
a mix of highly objective (scores close to 0) and highly
subjective (scores close to 1) comments. This range suggests
that Reddit comments vary widely, with some expressing
strong opinions and emotions and others conveying facts and
neutral information. This is yet another avenue of significant
variation between policymakers and the common masses,
which is noteworthy.

Trend of Sentiments over Time

Sentiment Category
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== neutral

= positive

Percentage of Total Comments
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Foon
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Fig 8. Trend of sentiments over time on Reddit dataset.
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B. Topic Modeling Results

The LDA topic model as visualized in the inter-topic distance
maps presents a structured overview of the main themes [see
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Figs. 11 & 12]. Larger circles in the distance map for certain
topics suggest that a higher proportion of the discourse is
dedicated to those themes. A lower k£ value represents a
“zoomed-out” view, where the topics are broader and more
general. A higher k& value represents a “zoomed-in” view,
offering a detailed look at the range of discussions within text.

In the BPU data, topics related to "energy," "solar," "storage,"
and "incentive" seem particularly prominent, indicating that
discussions often revolve around the technical aspects of solar
energy systems, as well as the incentives provided for their
implementation [Fig 11]. The frequent mention of "program,"
"project,” "board," and "Jersey" aligns with discussions
specific to New Jersey’s energy programs and the governance
body overseeing them. Words like "cost," "development,”
"capacity," and "market" suggest economic considerations
and market dynamics are crucial parts of the documents.
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Fig.11. LDA visualization on NJBPU data, k = 4 (above) and 10 (below)

However, the results of topic modeling from Reddit data
reveals distinct conversational clusters, each representing a
different set of topics discussed by the users [Fig 12].
Discussions seem to center around the cost of energy, the
logistics of solar panel installation, and interactions with
energy companies. The presence of words such as "solar,"
"energy," "bill," 'electric," "company," and "panels"
indicates a strong focus on the economic and affordability
aspects of solar energy from a consumer perspective. This
highlights the broader community's concerns about the
financial impact of adopting solar technology, pointing to a
critical area for energy equity considerations. These and other
discussions offer insights to policymakers, suggesting a need
to address affordability and accessibility in the development

of solar energy policies to ensure that they meet the needs of
a diverse population. This is in line with energy equity.
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Figl2. LDA visualization on Reddit data with k =4 (above) and 10 (below)

C. Pearson’s Correlation Coefficient Results

Based on the results from PCC, it was found that there is a
strong and statistically significant positive correlation
between the sentiment scores from the NJBPU and Reddit
datasets. This means that as sentiment scores in one dataset
increase, they also tend to increase in the other dataset. This
suggests that public opinions or sentiments expressed on the
more formal NJBPU platform align closely with those
expressed on the more informal Reddit platform, at least in
the context of the topics analyzed. It is an interesting finding
despite the fact that there are highly more positive sentiments
in the NJBPU data than the Reddit data.

Table 1 presents outcomes of Pearson’s correlation analyses
conducted on sentiment scores derived from three sentiment
analysis models: TextBlob, VADER, and SentiWordNet.
Results show strong positive correlation between TextBlob
sentiment scores from the two datasets. The statistical
significance of this correlation (p < 0.001) underscores a
reliable alignment in sentiment trends across the platforms,
suggesting that TextBlob effectively captures consistent
sentiment patterns. Results from SentiWordNet are also
statistically significant, indicating a consistent sentiment
correlation across all the datasets. VADER sentiment scores
display weak positive correlation, not statistically significant
(p > 0.05). This outcome suggests that VADER may respond
differently to the linguistic nuances of each platform.

Analysis with such Al-based models is applicable to offshore
wind energy [12] and other sources, aiding decision-making.
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TABLE L PEARSON’S CORRELATION COEFFICIENT RESULTS FOR

SENTIMENT ANALY SIS ACROSS ALL THE MODELS

Model PCC (1) p-value
TextBlob 0.77 6.30 e-05
VADER 0.20 0.40

SentiWordNet 0.97 1.12e-12

VI. CONCLUSIONS AND FUTURE WORK

Our comprehensive study with Al-based models on textual
data in solar energy reveals how public sentiment and policy
effectiveness shape the landscape of implementation. Major
findings of this applied-Al study are listed below.

1) Discourse around solar energy on a formal platform
(NJBPU) seems to be centered more on themes about policy
specifics, program implementation, and technical details.

2) Discussions on the open access social media platform
(Reddit) reflect more consumer-centric themes with practical
concerns on affordability, reliability, and customer service.

3) Variation in sentiment between formal and informal
platforms (in this case highly positive in NJBPU versus mixed
in Reddit) reinforces the fact that comprehensive analysis
should consider multiple varied sources to capture the full
spectrum of diverse public opinion among the masses.

4) Analysis of models revealing topics on "cost," "

access,"”

and "affordability"” can reveal vital issues on energy equity,
highlighting the need for solar energy policies to advance
sustainability as well as promote fairness in energy access.

5) Fluctuations in sentiment discourses year after year can
reflect evolving public response to temporal advances in
energy policy, or to broader socioeconomic events.

6) Numerical analysis of the modeled data with Pearson’s
correlation coefficient shows a considerably good & reliable
alignment of opinion trends with high statistical significance.

Based on these findings, key takeaways of this research from
an application standpoint are as follows. In order to address a
broad range of opinions on energy, policymakers should
consider inclusive approaches. Community forums, online
surveys, and social media engagement can be helpful [24,
25]. There should be a focus on encouraging open dialogue
and providing spaces for dissent and discussion, especially in
communities disproportionately affected by the energy
burden. This is in line with other studies on equity as well
[26-28]. Continuous monitoring of trends should be done to
track shifts in public discourse and inform adaptive policy
strategies that respond to public needs and sustain the
momentum of positive perception. Sentiment analysis can go
hand-in-hand with policy implementation in smart energy
initiatives, as in related work, e.g. on offshore wind [12]
where equity is important as well. Analysis via Al-based
methods and models in smart energy initiatives such as solar
energy and offshore wind is not only insightful but also
indispensable today, as we gear towards smart governance
and maintain a smart environment. For instance, positive
opinions on such initiatives can propel the growth of energy
incentives for the concerned residents. Negative opinions or
concerns, e.g. timeliness of programs, feasibility of solar
panels, wildlife impacts due to offshore wind sources etc. can
help the governmental agencies conduct improvements and

make better policy decisions for the future. Our study is
application-oriented research focusing mainly on a region in
the Northeastern United States. It can well exemplify citizen
science and emphasize the role of Al in global applications
for smart energy systems, smart cities, and a smart planet.
Future work emerging from this research can potentially aim
to answer the following questions.

1) Does the mass sentiment along policy developments
in solar technology undergo a significant shift over time and
place, i.e. are temporal / spatial aspects highly crucial?

2) In what manner can the insights from this study be
leveraged to promote equitable access to solar energy across
different communities, as per environmental justice (EJ)?

3) How do solar energy posts (from formal / informal
sources) compare with those on other smart energy sources
(nuclear, offshore wind [12]), though analyses are similar?

4) Is the content of the posted text genuine with respect
to data veracity issues, in other words, is there a tendency to
spread fake news on any platforms?

5) Can other Al models and methods, e.g. LLMs (large
language models) including BERT (Bidirectional Encoder
Representations from Transformers) and GPTs (generative
pretrained transformers) [29] do better?

6) Would commonsense knowledge in Al, e.g. cultural
commonsense [30], enhance such research?

The comprehensive analysis in this paper, focusing on smart
energy, also supports the development of smart governance
and smart environment practices which can thrive much on
some of our earlier research in this area [9, 31], including that
on smart manufacturing for energy efficiency [32, 33]. Such
work promotes adaptive policies in dynamically responding
to rapid technological advances as well as shifts in public
attitudes. Hence, it gears towards ensuring that urban
development is sustainable as well as responsive to citizens'
needs. It highlights the need for energy equity, related to EJ,
i.e. environmental justice [34]. This aims for energy-related
technological advances and policy implementations that do
not exacerbate existing disparities. It is ethical as well as
beneficial to discover knowledge about the needs of multiple
sectors in the overall population demographics to head more
towards energy equity. A crucial step for this knowledge
discovery can be the analysis of mass opinions from residents
across the locale, including those from underrepresented
groups and their spokespersons. Much of this data is available
on open access social media platforms (e.g. Reddit). We have
utilized it in our study, hence emphasizing the broader
impacts of this work. In the future, we aim to address larger
data sets including more diverse sources of public opinion
providing a broader perspective on the underlying matter.
Ultimately this research with its multifaceted approach helps
understand the public sentiment and guide more informed and
effective policy-making in the future to promote inclusive
growth as part of the smart energy transition. It examines the
role of Al-based methods in this venture, paving the way for
more multidisciplinary research. This is analogous to other
work on data mining and information retrieval including
some of our own group’s research [35 — 37]. It is also in line
with Al for smart energy / smart cities [38 — 42]. The novelty
of our study in this paper is that it is among the 1*' to integrate
multiple AI-based models, leveraging NLP with qualitative
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and quantitative analysis for analyzing text on solar energy,
addressing energy efficiency and equity in policy acceptance.
Hence, the work in this paper can make modest impacts on
Al for smart energy and sustainability.
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