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Abstract: The integration of social intelligence mining with Large Language Models
(LLMs) and unstructured social data can enhance land management by incorporating hu-
man behavior, social trends, and collective decision-making. This study investigates the
role of social intelligence —derived from social media—in enhancing land use, urban plan-
ning, and environmental policy crafting. To map the structure of public concerns, a new
algorithm is proposed based on contextual analysis and LLMs. The proposed method,
along with public discussion analysis, is applied to posts on the X-platform (formerly
Twitter) to extract public perception on issues related to land use, urban planning, and
environmental policies. Results show that the proposed method can effectively extract
public concerns and different perspectives of public discussion. This case study illustrates
how social intelligence mining can be employed to support policymakers when used with
caution. The cautionary conditions in the use of these methods are discussed in more de-
tail.

Keywords: land management; social intelligence mining; natural language processing;
large language model

1. Introduction

Land management is a critical domain that shapes environmental sustainability, ur-
ban development, and resource allocation [1]. Traditionally, decision-making in this field
has relied on structured data sources, such as satellite imagery, geographic information
systems (GIS), and census records [2,3]. These physical characteristic-based approaches
often overlook the dynamic nature of human behavior, social interactions, and collective
decision-making processes, which play a pivotal role in shaping land use patterns [4-6].
The advent of social intelligence mining —harnessing insights from social media, partici-
patory platforms, and crowdsourced data—presents a transformative opportunity to
bridge this gap [1,7,8].

Recent advancements in artificial intelligence (Al), particularly deep learning and
natural language processing (NLP), have enabled the extraction of meaningful patterns
from vast, unstructured datasets generated by human activities [9-11]. Al-based methods
have been applied to structured data sources to support land use and urban planning.
Examples include water supply management using Geo-Al [12], land change studies
[13,14], and cropland and agricultural planning [15-17]. By integrating these technologies
with traditional land management frameworks, policymakers and urban planners can
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gain insights into public sentiment, emerging trends, and localized environmental con-
cerns. This synergy between Al-driven analytics and human-centric data can enhance de-
cision-making processes in areas such as land use planning, environmental monitoring,
and disaster risk management [18].

Urban development and land use plans and policies have socio-economic impacts
[19,20]. Changes in land planning can affect economic growth, social justice, and environ-
mental conditions [19]. All of these changes will reflect on society’s wellbeing and, in turn,
shape public perception of these plans and policies.

Studies have indicated that public perception of an issue significantly impacts how
society will accept, collaborate, or participate in the plans and policies addressing that
issue [21]. For instance, if these policies do not consider people’s wellbeing and immediate
concerns, negative public perception might result in reduced communities’ collaboration
and engagement in implementing such plans and policies [5,21]. Many future potential
issues in urban planning and land use policies are part of today’s public concerns and
discussions [22,23]. If such concerns are not considered in the development of urban plan-
ning and land use policies, addressing the undesired outcomes in the future will incur
more costs and likely necessitate changes in the adopted policies. As such, understanding
public perception and concerns regarding urban planning and land use policies is essen-
tial for crafting sustainable policies. Additionally, analyzing public discussions around
urban planning and land use reveals issues that people are observing and experiencing
before they are detected by authorities [22]. In this case, a clear image of public discussion
can help authorities detect these issues in early stages.

Insights from public discussions and concerns related to land use policies and urban
planning either present a valid issue or represent concerns that are not rooted in the real
consequences of adopted policies and plans [24]. Either way, they provide policymakers
and decision-makers with the existing public perception. If public concerns are valid, they
can be used to collaborate with community representatives for the co-design of policies
and plans [25]. If the concerns and issues expressed in public discussions do not have roots
in the reality of adopted plans and policies, this insight can be used to design social out-
reach solutions to support those policies [24].

As explained above, crafting sustainable urban planning and land use policies re-
quires a clear understanding of public perception, public discussions, and people’s con-
cerns about issues related to urban planning and land use policies. One common way to
understand public perception and discussion is through surveys. However, since surveys
have a structured format, they can only collect data on issues already known to the survey
designer (see [21,26,27] for example). An alternative approach to surveys is analyzing so-
cial media data [22,23]. Discussions, concerns, and opinions expressed on social media
represent part of the public perception on a given topic. Through real-world social net-
works and small communities, these discussions connect to other parts of public discus-
sion [28,29]. Insights from social media not only shed light on a segment of public opinion
but also interact with other societal elements. Furthermore, coupling this information with
other insights (e.g., from interviews or community engagement activities) can create a
more detailed image of public perception [30]. While analyzing social media textual data
is challenging, it provides insight into ongoing public discussions and issues [1,7,8,31].
Social intelligence mining methods are developed to extract these insights from unstruc-
tured social media textual data [1,7,8].

This paper explores the role of social intelligence mining in transforming land man-
agement practices. We analyze case studies where Al-powered social data analysis has
contributed to equitable land distribution, urban resilience, and sustainable resource man-
agement. By highlighting the potential of this interdisciplinary approach, we demonstrate
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how integrating social intelligence with deep learning can address contemporary land
management challenges and foster more inclusive, adaptive, and data-driven policies.

The remainder of this paper is structured as follows: Section 2 presents Al-based
methods for extracting social intelligence from social media, including public discussion
analysis and concern mapping. Section 3 provides the results of applying these methods
to real-world data, analyzing public discourse on land management and sustainability.
Section 4 discusses the implications of our findings for policymaking and land use plan-
ning and concludes with key takeaways and future research directions.

2. AI-Based Methods for Mining Society’s Intelligence Through Social
Media Posts

2.1. Public Discussion Analysis

Public discussion refers to a collection of society’s public narratives, public opinions,
and the public exchange of opinions and statements among people around a topic. It in-
cludes the opinions publicly expressed by one part of society and the replies and com-
ments from another part. This exchange is not necessarily person-to-person but is context-
oriented. In other words, the reaction to opinions is more focused on the context of the
opinion rather than on who shared it first.

Due to the context-oriented nature of interactions in public discussions, the usual
methods for analyzing social network connections (among people) would not reveal the
structure of the public discussion.

Hassani et al. [7] proposed the public discussion analysis method, PDA, to analyze
the public discussion around a topic. Their method uses NLP to extract the key phrases
from the batch of social media posts related to that topic. These key phrases and their
linkage show the context and structure of the discussion in those social media posts.

This PDA method uses network linkage clustering to extract highly connected sub-
networks from the key phrase network and uses that to identify the sub-discussions
within that topic. These sub-discussions reveal the different aspects of the topic being dis-
cussed by people. Figure 1 shows the steps in the PDA method.

Initialization: Irrelevant
posts’ detection and
removal, language
detection

Key phrase network
construction

!

Network community
linkage analysis and
clustering

o Key phrase extraction .

Popularity index

Sentiment analysis N
calculations i

Wavelet analysis

Figure 1. PDA conceptual model [7].

The PDA method not only uses NLP for key phrase extraction but also uses LLMs to
extract and summarize the narratives in different subsets of the public discussion.
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2.2. Concerns Map

As mentioned before, any sustainable planning needs to consider and address soci-
ety’s existing concerns. The classic approach to understanding those concerns involves
running surveys about issues raised by community representatives or through public ac-
tivities. However, these surveys cannot capture all public concerns. One reason is that
such surveys are only effective if the concern is raised by community representatives or
experts with access to media and policymakers or through community activities. Con-
cerns discussed publicly but not included in the above-mentioned narratives will go un-
noticed. Furthermore, it usually takes time for the concerns to be raised and for the survey
results to become available. As such, the survey results do not reflect the immediate and
up-to-date situation of issues in society. Another reason is that surveys do not include
everyone, and some communities might be left out. Additionally, people might not share
their true opinions about a given concern.

Extracting concerns from social media posts can provide real-time insights into pub-
lic concerns. Clearly, the concerns expressed on social media do not represent everyone
in society, as not everyone shares their concerns on these platforms. However, these con-
cerns can significantly impact public discussions beyond social media. Furthermore, com-
bining this information with data on social media usage can offer a clearer picture of so-
cietal issues.

Komendantova et al. [1] proposed a public concerns detection (PCD) method to ex-
tract public concerns and proposed solutions regarding a given topic from social media
posts. Their method uses an LLM to extract concerns and their related proposed solutions
from each social media post. In the next stage, the model categorizes the topics of concerns
and solutions. The concerns and their connected solutions are then used to build the ad-
jacency matrix for the concern-solution contextual map. The steps in their PCD method
are shown in Figure 2.

Initialization: Irrelevant Extract solutions
posts’ detection and " Eteack ?oncerns . proposed for each
removal, language " [ekiessedinieachos: concern in each post
detection
Categorize the subject Categorize the subject Build the concern-
of solutions (S, ..., S,) [ of concerns (C;, ..., C;,) [* solution (CS) matrix
Extract a summary and Extract a summary and
the topic of each N the topic of each (| Build the categorized
concern subject g solution subject " €S (C€CS) matrix
category category

|

Use the CCS matrix as
adjacency matrix to build the
concern-solution contextual
networks.

Figure 2. PCD conceptual model [1].

The categorization method used in [1] was based on building a similarity matrix for
the extracted concerns and solutions. While this method provides more accurate results
by comparing the similarity of each pair of concerns and each pair of solutions, it is not
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very time-efficient. Furthermore, the final map only connects the concern categories
through their related solution categories. As such, the final map only presents the rela-
tionship between the concerns and the solutions, even if multiple solution categories are
connected to one concern category and vice versa.

2.2.1. Concern Topic Categorization Using LLM

To increase the time efficiency of the topic categorization algorithm, this research
proposes the following Batch Topic Categorization with LLM (BTC-LLM) algorithm:

BTC-LLM Algorithm:

1. Create the “Instructions Set 1” to extract the concern-topic categories from a given
batch of concerns.

2. Create the “Instructions Set 2” to check each of the concerns in the batch with the
given list of concern-topic categories. If the individual concern does not fall into any
of the given categories, add a new concern-topic category to the list.

3. Divide the list of concerns into batches (based on the character limit for requests in
the LLM). Suppose there are “K” batches of concerns: By, B,, ..., Bg.

4.  Send the “Instruction Set 1” and B, to the language model and get the preliminary
list of the concern-topic categories; suppose CTC®® is the preliminary list of the
concern-topic categories.

5. Foreachbatch B; (j = 1,2,..,K), feed B;, CTCYU~10, and “Instruction set 2” into the
language model to produce the updated list of concern-topic category, CTC U9,

6. Repeat Step5 N times to ensure convergence.

7. The final list of concern-topic categories will be CTC® M.

It should be noted that, since the LLM and NLP models are stochastic models, the
result of two runs of the model with the same input data might be different. As such,
different runs of Steps 4 and 5 might produce different CTC*9s. The sequential design
of the algorithm (the list generated in each iteration will be fed to the next iteration) and
the iteration in Step 6 make it possible to control the stochasticity by refining the list of
categories to reach convergence (CTC* " stays the same for a number of iterations). The
larger number of iterations, N, will increase the chance of reaching convergence.

The BTC-LLM algorithm is proposed for exploratory topic modeling, leveraging the
context and semantics of the texts. Additionally, the precision of the results can be ad-
justed by increasing the number of iterations. One commonly used method for explora-
tory topic modeling based on textual context and semantics is BERTopic [32]. However, it
does not generate context-based descriptions of topic categories; instead, it uses frequent
keywords as topic labels.

2.2.2. Concern-Topic Categories’ Linkage

Once the concern-topic categories are extracted, they can be linked to each other
based on the concerns in each category.

Suppose the topics of concern Cy, ..., C,, are categorized as CTCj,...,CTCy, (n is the
total number of the concerns extracted from social media posts, and L is the number of
categories identified in the BTC algorithm). Since each individual concern can belong to
different topics, the shared concerns between concern-topic categories show the linkage
between them. The larger the number of shared concerns between two concern categories,
the closer their context is related. This definition of the linkage between the concern-topic
categories can illustrate the relation between the context of the concern categories. Fur-
thermore, it is quantifiable and can be used to build the adjacency matrix for the Concern-
Topic Categories Contextual Network, CTCCN. Suppose Concern-Topic Categories Link-
age, ctcl;; is defined as the number of concerns shared with categories CTC; and CTC;:
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where () is the indicator function, i.e., Ic.ecrc;) =1 if Concern C; is in concern-topic

category CTC; and Iic,e crcy = 0 otherwise. With this definition of concerns’ linkage, the
adjacency matrix for CTCCN will be as follows:

CTCCN = [ctel]

3. Results

In this study, the public narrative and discussion on “X” (formerly Twitter) around
“Land Management”, “Sustainability”, “Social Trends”, “Environmental Monitoring”,
and “Disaster Risk Management” is analyzed.

The related English language posts between 8 December 2024 13:30 and 15 December
2024 12:30 are collected with the following list of keywords: “City Planning”, “Urban Plan-
ning”, “Farming”, “Gardening”, “Land use”, “Land planning”, “Waste”, “Eco Friendly”,
“Global Warming”, “Climate Change”, “Eco-Friendly”, “Pollution”, “Clean Water”, “Pro-
tecting Wildlife”, “Saving Forest”, “Air Quality”, “Health Trends”, “Sustainabl”, “Tech-
nology Adoption”, and “Cultural Change”. After cleaning the collected posts (removing
the unrelated posts based on unrelated hashtags and keywords), there were 3076 X posts
during that time period. Since the focus of this study is the context of public discussions,
in order to maintain users’ privacy, all the posts are anonymized by removing the X user
names. Figure 3 shows the regional distribution of extracted posts based on the authors’
location (the location authors shared publicly as their location or country on their X plat-
form accounts). The authors of 828 tweets did not shared this information publicly.

Distribution of Post Based on Authors' Shared Location

| ™
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233300 u 8335553233883 <3882385a2385=08258585558 052207 355>3533
23O fET20 5238233857 23520353<x% 58233 28322555502f5233 SRS Rzog
3 S0 a S 3 620Dy a a B 3% S o Qa S 28T 9T 3080 5< s 4 @ e 25
@ E1 - T oa = =1 o o g
5878873 § A2 ¢ gua 8 wfe " S53*rexze Figa 3 Pr2 §53°8
L It LA | < 2209 2o 25ga > @ o o

= =5 a3 - o a0 g a &

Qa o 3 o L y

epeue |

Country / Region

ssjeliw3 gely psjun

Figure 3. Regional distribution of extracted post, based on authors’ publicly shared region/country.

As can be seen in Figure 3, most of the tweets are posted by users from the US, the
UK, and India. It should be noted that these countries are not necessarily the locations
from which the posts were sent.
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The key phrases of these posts are extracted using Azure text analysis module, free
tire, as explained in [1,7,8]. This module uses a variety of language models like BERT [33],
ALBERT [34], and GloVe [35]. Using the Azure text analysis module, the sentiment of each
post is also estimated. Figure 4 shows the distribution of sentiment among the analyzed
posts and the most frequent key phrases in each set of posts.
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Figure 4. Distribution of sentiment among the analyzed posts and the most frequent key phrases in
each set of posts.
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As it can be seen in Figure 4, there are shared key phrases among the positive (Figure
4C), negative (Figure 4B), and neutral sentiment posts (Figure 4D) which suggest the top-
ics are being discussed form different aspects. Figure 4E shows that most of the posts have
neutral sentiment. However, according to Figure 4A, the most frequent keywords are not
dominated by frequent words from neutral sentiment posts. Furthermore, there are some
keywords unrelated to environmental issues, which shows the metaphorical use of some
phrases. These phrases will be deprecated in topic categorization (BTC-LLM algorithm),
as they have different topics and do not represent environmental concerns.

The PDA is applied on the posts to extract the X users” discussion structure around
above-mentioned keywords in the above-mentioned time period. The key phrase network
has 94,491 edges. The 1% most frequent edges are shown in Figure 5. It should be noted
that frequency of edge between two key-phrases show the frequency of those key-phrase
appearing in the same post. The 1% most frequent edges represent the 91.6% of the ana-
lyzed posts.
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Figure 5. Key phrase network with the 1% most frequent edges from 94,491 edges.

As can be seen in Figure 5, among the 1% most frequent linked key phrases, there are
isolated sub-networks, indicating stronger contextual connection among some key
phrases. However, it should be noted that the network is showing 1% of the most frequent
edges, and the isolated parts will become connected once more edges are included in the
network. The details of different sub-networks of Figure 5 are presented in Figure 6.
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Figure 6. Details of different sub-networks of Figure 5.

Figure 6 shows that the majority of the connected contexts in the post are related to
“Climate change”, Waste, “Farming and Farmers”, and “SAL” (Spright Agro Limited).
However, the key concepts in the isolated sub-networks are different. One of the isolated
sub-networks (shown in the middle-left panel of Figure 6) represents the discussion
around the waste management issues. Another isolated sub-network (shown in the mid-
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dle-right panel of Figure 6) represents the context which used the waste and garden re-
lated phrases metaphorically. Another isolated sub-network (shown in the bottom panel
of Figure 6) shows key phrases related to sustainable planning, although the only specific
example discussed is “Swarnandhra Vision 2047”. The thinness of the edges and smaller
node size shows less frequent key phrases and less frequent key phrase connections. The
key phrase network from posts with positive sentiments is presented in Figure 7 along
with the details of the sub-networks.
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Figure 7. Key phrase network from posts with positive sentiments and the details of the sub-net-

works.

As can be seen in Figure 7, the sub-networks related to sustainable planning. The sub-
networks from context with “metaphorical use of waste” and “waste management issues”
are not in among the positive sentiment contexts. The key phrase network from posts with
negative sentiments is presented in Figure 8 along with the details of the sub-networks.
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Figure 8. Key phrase network from posts with negative sentiments and the details of the sub-net-

works.

Figure 8 shows that the context from negative sentiment posts does not include sus-
tainable planning key phrases. However, the metaphorical use of environmental key

phrases and the discussion around waste ma

nagement are falling in this context. The key

phrase network from posts with neutral sentiments and details of its sub-networks are

presented in Figure 9.
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Figure 9. Key phrase network from posts with neutral sentiments and the details of the sub-net-

works.

As shown in Figure 9, many of the key phrases from natural sentiment posts are sim-
ilar to positive sentiment and negative sentiment posts. However, the connections and the
frequencies (thickness of the edges and the size of the nodes) are different. Figures 7-9
show that even when there are frequent key phrases shared among different sentiments,
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the linkage between them is not the same. The main topics of the posts with different
sentiment groups are given in Table 1 (see the extended summaries of posts in Appendix
All).

Table 1. Main topics of the posts with different sentiment groups.

Sentiment Category

Main Topic

Positive

The main topic is sustainable farming practices, eco-friendly solutions, and the integration of
technology in agriculture.

Neutral

The main topic is sustainable farming practices, climate change, and the impact of agriculture
on the environment. It discusses various initiatives and projects aimed at addressing climate
change, reducing waste, and promoting eco-friendly farming practices. It also emphasizes the
importance of sustainable agriculture, soil health, and the integration of technology in modern
farming practices. The text highlights the efforts of companies and organizations working on
sustainable agriculture and eco-friendly farming solutions, as well as the impact of animal
farming on the environment and the importance of promoting sustainable practices in farming.

Negative

The main topic of the text is government spending, global warming, pollution, sustainable
farming practices, and climate action.

As can be seen in Table 1 and Appendix A.1l, the negative sentiment posts include
complaints and concerns. A large summary of the neutral sentiment posts shows the large
diversity among these posts. This includes statements and reports. Following the steps of
PDA, the cluster analysis result is given in Figure 10.

Link Communities Dendrogram

r17.89

1431

1073

Height

r7.16

358

#edges= 944, #nodes = 251 0 0155 0.31
#clusters = 10, Largest cluster = 173 nodes Partition Density
Helust method: ward.D

Figure 10. Dendrogram of network cluster analysis (blue line shows the partition density for dif-
ferent number of clusters. Red dash line shows the number of clusters that produces the maximum

partition density. Clusters are distinguished with different colors on the dendogram).

As shown in Figure 10, the highest edge-partition density is in 10 clusters. The posts
excluded from the top 1% edges will form the 11th cluster. Each of these clusters represent
one of the sub-discussions (communities) in the analyzed posts. The key phrase networks
of these 10 sub-discussions are given in Appendix B. As can be seen, the second sub-dis-
cussion does not form a contextual network for negative and neutral sentiments. In other
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words, the context in this sub-discussion is presented in a positive sentiment. Sub-discus-
sions 4, 5, 6, and 7 do not form a contextual network in positive sentiment. Furthermore,
the sub-discussions 5, 6, and 7 only form the contextual network in negative sentiment.
This shows that the main discussion in these sub-discussions had negative sentiment lan-
guage. The main topics of the sub-discussions extracted using PDA are given in Table 2
(summary of extracted sub-discussions is presented in Appendix A.2).

Table 2. Main topics of the sub-discussions extracted using PDA.

Community

Main Topic

1

Agriculture’s role in combating climate change, focusing on sustainable farming practices and food se-

curity.

Implementation of environment-friendly policies and sustainable practices to reduce carbon emissions
and create a sustainable environment for the future.

Agriculture, climate change, and sustainable farming practices.

Skepticism towards the belief in the climate crisis and the idea that reducing the human and cow popu-
lation through farming is a solution to decrease human population.

The negative impact of Net-Zero initiatives on farming.

N U] B~ W N

Challenges of balancing online and real-world personas and the pressure and expectations that come
with it.

Citizen frustration over high taxes, prices, and poor public services, particularly related to waste collec-
tion and disposal.

Impact of Net-Zero on farming and the importance of sustainable agriculture practices for a greener fu-
ture.

Sustainable farming practices and the importance of supporting farmers to combat climate change.

10

Sustainable farming practices, climate resilience, and eco-friendly solutions in agriculture.

11

Urban planning initiatives and efforts to promote eco-friendly practices in Michigan cities.

As Table 2 and Appendix A.2 show, sub-discussions 5 and 8 are closely related; how-
ever, their key phrase network (see Figures A5 and A8) shows that they have different
structures in their sentiment. Same goes for sub-discussion 1 and 2; while both are dis-
cussing climate change related policies, one of them has more positive sentiment in its
contextual structure. Furthermore, Table 2 shows the PDA’s ability to separate the skep-
tical conversation from concerns and other parts of the conversation. As it shows, sub-
discussion 4 is formed based on skepticism and disinformation, and it separates this from
the concerns shared in sub-discussion 5 and 8. Sub-discussion 6 shows a metaphorical use
of the keywords used for collecting these social media posts.

The topic and summary of sub-discussion 11 shows the small discussions around
different topics, which were not popular enough to form a separate sub-discussion. For
example, it shows there was conversation around urban planning; however, it was not a
large discussion around this topic. The discussions which were popular in the past (e.g.,
a week earlier) and the discussions that are just being started and have not gained much
popularity yet (e.g., they can get a large popularity in the future) will fall into the residual
sub-discussion. Figure 11 shows the linkage between the sub-discussions.
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Sub-Discussions (communities) Linkage Based on Shared Context
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Figure 11. Network linkage between the sub-discussions.

Concerns Map Results

Using the BTC-LLM algorithm, 3898 concerns were extracted. These concern-topics
are categorized into 20 categories. The concern-topic categories are shown in Table 3 (see
Appendix A.3 for a summary of concerns in each concern-topic category). The BTC-LLM
algorithm were run on 39 batches of concerns, with N =7 iterations, which after 5th itera-
tion, the list of concern categories remained on change. The LLM model used in this study
was the OpenAl's GPT-3.5 Turbo and it took around 5 hours 45 minutes to produce the
results (the call to the LLM was made through REST API).

Table 3. The concern-topic categories.

Concern-Topic Category

Resource Allocation: concerns about the allocation of resources to delusional projects.

Waste Management: issues related to overflowing rubbish bins and waste management.

Climate Change Impact: impacts of climate change on farming practices and food security.

Environmental Pollution: pollution caused by various sources including farming practices.

Sustainable Farming: lack of awareness and adoption of sustainable farming practices.

Political Issues: concerns about government policies and regulations affecting farming.

Misinformation: spread of misinformation about climate change and farming.

Land Use: issues related to land use, deforestation, and urban sprawl.

Ol |G| |u|s|w(N|~|3

Animal Agriculture: concerns about the impact of animal farming on the environment.

—_
(e}

Social Media Engagement: challenges and issues related to engagement farming on social media.

—_
—_

Financial Concerns: financial challenges and impacts on farming livelihoods.

—_
N

Food Security: ensuring food safety and security in agricultural production systems.

—_
@

Climate Crisis Denial: dismissive attitudes towards climate change and its impacts.

—
S

Health and Safety: risks and concerns related to health and safety in farming practices.

—_
a1

Urban Planning;: lack of sustainable urban planning practices and infrastructure.

—_
(o)}

Biodiversity Loss: impact of farming practices on biodiversity and ecosystems.

—_
N

Water Scarcity: lack of access to clean water for farming and agriculture.

—_
o)

Energy Consumption: dependence on energy sources and impacts on the environment.

—_
\O

Social Issues: concerns about social inequalities, discrimination, and representation in farming.

N
(e}

Technology Adoption: lack of access and adoption of modern farming technologies.

Table 3 and Appendix A.3 show the diversity of the topics. The summaries show that
the concerns in each category are also connected to other categories. In other words, ex-
pressed concerns are linking different concern-topics. The CTCCN is shown in Figure 12.
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Furthermore, as Table 3 shows, the concern-topics produced with BTC-LLM have sepa-
rated and excluded the topics related to the metaphorical use of environment and sustain-
ability keywords.

18. Energy{@nsumption 14. Healtiffind Safety
19. So. Issues

16. Biodif@sity Loss 12. ,:oo.ecurity
13: Climat.isis Denial )
20. Techno.y Adoption

15. Urb‘?lanning

17. Wat.Scarcity

Figure 12. Concern-Topic Categories Contextual Network.

The unconnected concern-topic categories in Figure 12 represent the concerns in
those categories that were specifically expressed in that one category. However, the con-
nected nodes show the concern-topic categories that share some of the expressed con-
cerns. In other words, if two concern-topic categories are not connected, it does not mean
they do not have a rational relation; it means the concerns were not expressed by people
in a way that shows that connection. Figure 13 shows the changes in the number of con-
cerns expressed over the studied time period. The low numbers at the beginning and end
are due to the fact that not all posts were retrieved on those days, due to technical limita-
tions. As can be seen, some categories of concern were more popular than others, and their
popularity changed over time.

Number of expressed concerns in each concern-topic category
—— 1. Resource Allocation

—— 2. Waste Management
—— 3. Climate Change Impact
—— 4. Environmental Pollution
—— 5. Sustainable Farming
—— 6. Political Issues
—— 7. Misinformation
—— 8. Land Use
9. Animal Agriculture
—— 10. Social Media Engagement
~ = 11. Financial Concerns
~ = 12. Food Security
~ - 13. Climate Crisis Denial
~ = 14. Health and Safety
~ = 15. Urban Planning
= = 16. Biodiversity Loss
- = 17. Water Scarcity
= = 18. Energy Consumption
~ — 19. Social Issues
~ = 20. Technology Adoption

Number of expressed concerns

Decs Dec 9 Dec 10 Dec 11 Dec 12 Dec 13 Dec 14 Dec 15

Date

Figure 13. Popularity trend of concern-topics categories over time.
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4. Discussion

Findings from this study show that discussions around sustainability and environ-
mental policies among X users, during the studied period, approached the topic from var-
ious angles. From these social media posts, 11 distinct community discussions were iden-
tified. Most of these discussions focus on different aspects of eco-friendly farming and
promote agriculture’s role in combating climate change.

One of these 11 discussions was shaped by conspiracy theories and misinformation
about climate policies. The context of this discussion shows that specific misinformation
circulating during this period includes claims that “the climate crisis is a global scam and
that reducing the number of humans and cows through farming is the first step in a plan
to decrease the human population” and “climate change does not have a serious impact
on the environment.” Based on this insight, disseminating information about “how cli-
mate change impacts the environment (what is the mechanism of impact)” and “how
adapted environmental policies can either address climate change issues or build envi-
ronmental resilience and contribute to people’s wellbeing” during that period could be
effective in combating misinformation about environmental policies and climate change.
Another strategy to combat misinformation about environmental policies during that pe-
riod would be debunking the conspiracy theories around “reducing the human popula-
tion.”

Among the detected discussions, four focus on the impact of Net-Zero policies on
farming and the need to support farmers in implementing climate policies. These discus-
sions reveal public perception of Net-Zero and climate change policies. These insights can
help policymakers craft more effective and sustainable climate change policies. For in-
stance, in the discussions, Net-Zero initiatives are considered irrational and harmful due
to “closing the land to agriculture and grabbing it”. This insight shows that part of the
public seeks justice in Net-Zero initiatives rather than authority-driven approaches. In
other words, a successful Net-Zero policy needs to address the fairness of restrictions on
farmers’ activities.

Another part of these discussions covers experiences of adapting farming to climate
change in different countries. This discussion emphasizes the need to support farmers and
criticizes the policing of farmers’ protests. This insight suggests that including supportive
measures for transforming farming activities to more sustainable practices should be part
of Net-Zero and other climate change policies.

In another discussion, people express their concerns about urban waste management
and its environmental impact.

While suggestions from these insights might seem obvious, social intelligence mining
methods have provided specific concerns for the specific time period. With more detailed
data, it can be directed to specific locations to understand local communities” concerns.
Furthermore, it provides evidence on the priorities for different time periods and regions.
For instance, while in one region people might be more concerned about land use and
urban planning impacts on farming, in another region, people’s priority might be envi-
ronmental issues related to waste management in urban areas.

These results illustrate the practical use of the PDA, PCD, and BTC-LLM algorithms
in gaining insights from social media posts and using them to craft policies. It should be
mentioned that the results are from one week and are limited to English-language posts.
In this regard, these results are specific to that period and may change over time. How-
ever, the generality of the PDA, PCD, and BTC-LLM algorithms makes it possible to apply
them to different periods to obtain updated insights and track changes in public discus-
sion and concerns over time. The application of PDA, PCD, and BTC-LLM across different
time periods remains consistent, as the structure of the input data does not change (all
methods use social media posts as input). However, tracking trends over time requires
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additional analysis (see [1,7,8] for details on the methods used to analyze these trends).
Furthermore, the performance of PDA, PCD, and BTC-LLM in other languages is sensitive
to the NLP models used in various layers (i.e., the key-phrase extraction model, the senti-
ment analysis model, and the LLM). Therefore, while PDA, PCD, and BTC-LLM can be
applied to different languages, the libraries used in each layer may require fine-tuning. It
should be noted that the results of this study only demonstrate the practical applicability
of BTC-LLM in exploratory topic categorization. However, the accuracy of proposed
method in estimating predefined topic labels requires further investigation.

As explained before, the results from social media posts only provide insights from
the part of society that is expressing its opinions and concerns on those platforms. While
part of the public discussion is being formed and expressed on social media platforms,
other parts are circulating in social groups, such as extended families, friendship groups,
and other communities. Through interactions between these communities, the part of
public discussion that is formed on social media can impact other parts of the public dis-
cussion and vice versa. The mechanism and size of these impacts depend on various soci-
etal variables, such as age distribution, internet access, social media usage, etc. In this sit-
uation, understanding public discussion from social media platforms is necessary but not
sufficient to understand the complete structure of public discussions and public concerns.
As such, it is important to couple insights from social media platforms with insights from
other communities to have a better understanding of public discussions.

The PDA, PCD, and BTC-LLM algorithms are not sensitive to the size of the textual
data set (although with a small number of texts, the sub-discussion might not get shaped).
Accordingly, these algorithms can be used on specific topics in specific regions, even if the
number of social media posts limited to that topic and region is not large. However, it is
necessary to be cautious, since in this situation, the results only represent a very small part
of the public discussion. As mentioned above, it is crucial to include insights from con-
ventional methods (such as surveys and interviews) to obtain a better understanding, es-
pecially in these situations.

5. Conclusions Remarks

Some of the social intelligence mining and contextual analysis methods and their role
in land management and planning were reviewed in this study, and a new method, the
BTC-LLM algorithm, is proposed for mapping the concerns from social media posts.
These methods are applied on a set of posts from the X platform to extract insights related
to land use, environmental issues, and climate change from those posts. The results show
the ability of the PDA method to distinguish and isolate different aspects of discussion
around these topics. For instance, PDA isolated part of the conversation among the X users
related to disinformation and conspiracy theories about land use and climate policies
while showing there is another sub-discussion that is using these keywords metaphori-
cally to describe their everyday challenges and dispute between celebrities’ fans.

The proposed BTC-LLM algorithm was used to extract the concerns expressed by
people and build the concern map. The results show that concerns from a variety of topics
were expressed by the people. While in some topics, only concerns in that topic were ex-
pressed, some other topics had shared expressed concerns. For example, there were con-
cerns related to both political issues and climate change impact. Furthermore, methods
for clustering concepts and how various algorithms can automatically detect and filter out
non-relevant text and contributions in social media are explored. In the analyzed data, the
method identified and separated the chunk of social media posts that used the topic key-
words as metaphors.

The results show that social intelligence mining methods are effectively mapping the
public concerns and show the public discussion structure around the land use, urban
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planning, and related context. These maps can be used by policymakers to craft more ef-
fective policies for solving environmental issues while addressing societies” expectations
and concerns. Once public discussions and concerns related to specific urban planning
and policies are extracted, land use experts can use these insights to craft the policies and
design the plans. For instance, if the expressed concerns and opinions represent a valid
issue, experts can adapt the policies and plans to address those issues. If the concerns are
not rooted in the reality of adopted policies, policymakers and urban and land use plan-
ning experts can use these insights to design more effective community outreach pro-
grams to support the adopted policies. It should be noted that by applying social intelli-
gence mining methods to social media posts related to land use and urban planning, the
part of the public discussion, concerns, and opinions expressed on these platforms will be
extracted. To obtain more detailed insights into public perception on land use planning
and policies, these results should be coupled with insights from real-world social network
structures (e.g., connectivity between different communities and their exchanges) and in-
sights from parts of society that are usually not represented on social media platforms.
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Appendix A. Summary of the Posts, Sub-Discussions, and
Concern Categories

Appendix A.1. Summary of the Posts with Different Sentiment Groups

1. Summary of posts with Positive sentiment

The conversation highlights the importance of sustainable farming practices, eco-
friendly solutions, and the integration of technology in agriculture. Various topics such as
climate-smart agriculture, regenerative agriculture, and the use of innovative methods
like AWD irrigation and IoT sensors are discussed. Organizations like Spright Agro Ex-
cellence promote green technology and eco-friendly farming practices for a healthier fu-
ture in agriculture. Livestock farming, waste management, and the benefits of natural sea-
weed in reducing emissions are also emphasized. The focus is on creating a greener, more
sustainable future for agriculture through innovation and technology.
2. Summary of posts with Neutral sentiment

The conversation covers a range of topics related to climate change, sustainable farm-
ing practices, and the impact of agriculture on the environment. It emphasizes the im-
portance of addressing climate change through green infrastructure, renewable energy,
and sustainable agriculture. The discussion also touches on the impact of waste, pollution,
and land use on the environment. Various initiatives and projects are being implemented
to address climate change and promote sustainable agriculture practices, with a focus on
reducing waste and combating climate change through eco-friendly farming practices. In-
itiatives like Net House farming and precision farming are highlighted for their role in
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enhancing crop yields and reducing waste. The conversation also discusses the integration
of biotechnology in agriculture to address pest resistance and climate challenges, empha-
sizing the need to promote sustainable and humane alternatives to factory farming. Vari-
ous companies and organizations are working on sustainable agriculture, eco-friendly
farming solutions, and climate-resilient agriculture. The conversation highlights the im-
portance of sustainable practices in farming, reducing waste, and combating climate
change. Topics include eco-friendly technology, composting, regenerative farming, and
the impact of modern agriculture on the environment. Efforts are being made to fight cli-
mate change and promote sustainable farming practices in Africa, with a focus on eco-
friendly farming practices and sustainable agriculture. The conversation also touches on
the importance of soil health, composting, and the role of technology in modern farming
practices. Various initiatives are being taken to address climate change, promote sustain-
able agriculture, and reduce waste. Spright Agro promotes agroforestry, organic farming,
and eco-friendly practices to combat climate change and enhance agricultural productiv-
ity, with a focus on tailored farming models for different regions to optimize outputs. SAL
is dedicated to eco-friendly farming practices, focusing on reducing waste, improving ef-
ficiency, and supporting rural development through integrated farming systems that ben-
efit farming and the environment. The conversation also discusses the impact of animal
farming on the environment, waste management, and recycling, with a focus on promot-
ing sustainable agriculture and reducing waste. The conversation highlights the positive
reception of the government’s new food strategy focusing on food security and sustaina-
ble farming, emphasizing the need for innovation and resilience in the agricultural sector
to address global challenges. Spright Agro Mission focuses on eco-friendly farming prac-
tices, using innovative techniques like Net House farming to improve crop yields, reduce
waste, and promote sustainability. The conversation also touches on the importance of
indigenous seeds, vertical farming, Al integration in agriculture, and the impact of climate
change on farming, with a focus on promoting eco-friendly practices through sustainable
agriculture. Various initiatives and projects promoting sustainable farming practices, cli-
mate adaptation, and waste reduction are highlighted, with a focus on high-efficiency ir-
rigation systems and climate-resilient farming practices through eco-friendly agriculture.
The conversation emphasizes the need for climate-resilient techniques in farming, reduc-
ing waste, and promoting eco-friendly practices, with a focus on global food security, car-
bon farming, and innovative solutions for sustainable agriculture. Spright Agro promotes
eco-friendly farming practices through Net House and Greenhouse farming technologies,
advocating for climate-smart farming solutions in every region to ensure a brighter future
for farming communities. SAL is reshaping the agricultural industry through sustainable
farming practices and integrated systems that benefit farming and the environment, fo-
cusing on eco-friendly operations and high-value crops to demonstrate a commitment to
sustainable agriculture and environmental conservation. The conversation also discusses
the importance of promoting eco-friendly farming practices to scale, particularly on
American range land, with a focus on sustainable farming, biofuels, and climate-friendly
agriculture, as well as waste reduction efforts and the use of Al to predict future land-
scapes and diverse crops farming for climate resilience.
3. Summary of posts with Negative sentiment

The conversation covers frustrations with government spending on various projects,
accusations of gaslighting, and failure to address real issues like global warming and pol-
lution. Discussions include climate aid, farming, animal agriculture, Brexit’s impact on
UK farming, and accusations of wasteful spending. Calls for sustainable farming prac-
tices, soil management, and climate action are made.
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Appendix A.2. Summary of the Sub-Discussions Extracted Using PDA

Community 1: The conversation covers climate change, sustainable farming, and
food security. It discusses the need for resilience, urban planning, and the role of agricul-
ture in combating climate change. Different opinions on causes and solutions are shared.
The importance of soil health, biodiversity, and integrating science into land use practices
is emphasized. Greenhouse farming, climate-smart agriculture, and conservation agricul-
ture are highlighted as practical solutions.

Community 2: The coalition government is focusing on implementing environment-
friendly policies to promote green technology, organic farming, and pollution-free cities
to reduce carbon emissions and create a sustainable environment for the future. Organic
farming benefits soil health, water conservation, and pollution reduction, supporting sus-
tainable agriculture and environmental preservation. Discussions at COP16Riyadh are
centered on innovative pathways to sustainable land use through climate finance and
green technology.

Community 3: The conversation covers various topics related to agriculture, climate
change, and sustainable farming practices. It emphasizes the need for eco-friendly solu-
tions to combat climate change and support sustainable agriculture. Different perspec-
tives on climate change and farming are shared, highlighting the challenges and complex-
ities in the agricultural sector. Calls for government support for nature-friendly farming
and sustainable practices are made.

Community 4: The conversation revolves around the belief that the climate crisis is a
global scam and that reducing the number of humans and cows through farming is the
first step in a plan to decrease the human population. Some participants express skepti-
cism about climate change and its impact on the environment.

Community 5: The conversation discusses how Net-Zero initiatives are negatively
impacting farming by closing land to agriculture or grabbing it, which is seen as irrational
and harmful. The conversation criticizes Net-Zero as an expensive and cruel vision
pushed by elites, labeling it as a salvation story of climate catastrophism.

Community 6: Participants discussed the challenges of balancing their online and real-
world personas, with the online world being idealized as a beautiful garden and the real
world seen as a barren wasteland. The conversation highlighted the difficulty of escaping
from the pressures and expectations of both worlds, creating a sense of entrapment.

Community 7: Citizens express frustration over high taxes, prices, and poor public
services to the Prime Minister. Complaints about overflowing bins and garden waste lead
to criticism of local councils. Some residents express dissatisfaction with missed waste
collections. Various services, such as garden waste removal and bin collections, are high-
lighted with schedule changes for the festive period.

Community 8: The conversation discusses the impact of Net-Zero on farming, high-
lighting concerns about closing land to agriculture and the need to address climate
change, pollution, and waste management. SAL champions eco-friendly practices like
precision farming and greenhouse technology, leading the way in sustainable agriculture
for a greener future.

Community 9: The conversation covers the evolution of rice farming in Vietnam, in-
novative methods like AWD irrigation, Kitovu’'s smart climate farming infrastructure,
sustainable practices in Kenya and India, and the policing of farmers’ protests compared
to climate activists’. It emphasizes the importance of sustainable farming, better infra-
structure, and support for farmers to combat climate change.

Community 10: The conversation emphasizes the importance of sustainable farming
practices, climate resilience, and eco-friendly solutions in agriculture. Initiatives by SAL
and Spright Agro are highlighted to promote green practices and combat climate change.
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Collaboration and innovation are seen as crucial in addressing challenges and adapting
to future needs for a greener future.

Community 11: Urban planning initiatives focus on eco-friendly transportation, atmos-
pheric deposition, erosion, and climate awareness events. Research on PM 2.5 levels, Al
simulations, and noise data collection is ongoing. Two PhDs discuss land use change, pol-
lution, and eco-friendly gardening. The conversation also covers sustainable fashion, waste
management, and clean water importance. Michigan cities are proactive in climate change
efforts. Organic gardening practices like composting and crop rotation are essential.

Appendix A.3. The Summary of the Concerns in Each Concern-Topic Categories

Concern-Topic Category 1: The concerns delve into a wide range of concerns includ-
ing government waste, unsustainable farming practices, climate change impacts, and eco-
nomic challenges. Topics such as lack of transparency, misinformation, and potential
threats to food security are discussed. Criticisms are also directed towards policies and
initiatives related to agriculture and the environment.

Concern-Topic Category 2: The concerns covered various environmental concerns
such as pollution, waste management, climate change, and unsustainable farming prac-
tices. Issues included confusion over waste disposal, lack of awareness, inefficient recy-
cling methods, and challenges in implementing sustainable practices. The impact of in-
dustrial activities on water pollution, illegal dumping, and the importance of addressing
these issues for a healthier environment were emphasized.

Concern-Topic Category 3: The concerns cover a wide range of concerns related to cli-
mate change and its impact on farming practices globally. Issues such as food safety, soil
degradation, destruction of ecosystems, methane emissions from livestock, lack of aware-
ness about sustainable practices, and the need for eco-friendly farming solutions are dis-
cussed. There are also mentions of misinformation, lack of government support, and the
importance of collaboration between farmers and policymakers to address the climate crisis.

Concern-Topic Category 4: The concerns delve into environmental concerns such as
climate change, pollution, unsustainable farming practices, and the need for sustainable
agriculture. Issues like food safety, waste management, and the impact of climate change
on farming are discussed, stressing the importance of taking action to protect the environ-
ment and ensure food security for future generations.

Concern-Topic Category 5: The concerns address a wide range of environmental con-
cerns related to farming practices, including climate change, pollution, water conserva-
tion, and biodiversity loss. There is a strong emphasis on the need for sustainable farming
methods to protect the environment and ensure food security for future generations. Chal-
lenges faced by farmers worldwide due to climate change are also discussed, highlighting
the urgency to address these issues.

Concern-Topic Category 6: The concerns delve into the complexities of farming, cli-
mate change, pollution, and resource allocation. Concerns include the environmental im-
pact of agriculture, lack of support for sustainable practices, and challenges faced by farm-
ers. There are discussions on government policies, climate change effects on agriculture, and
the need for eco-friendly farming methods to address food security and biodiversity loss.

Concern-Topic Category 7: The concerns address concerns about farming practices,
climate change, and environmental impact. Issues such as misinformation, lack of aware-
ness, and negative effects of climate change on agriculture are discussed. The need for
sustainable farming methods, eco-friendly practices, and addressing climate change in
agriculture is emphasized. Overpopulation and resource scarcity are also mentioned as
pressing issues.

Concern-Topic Category 8: The concerns covered various environmental concerns
related to farming practices, climate change, pollution, and sustainability. Issues included
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the negative impact of current farming methods on the environment, challenges faced by
farmers, and the need for eco-friendly solutions. Discussions also touched on government
policies, land use issues, and the importance of sustainable farming practices.

Concern-Topic Category 9: The concerns focus on the harmful effects of current farm-
ing practices on the environment, climate change, and food security. Issues such as pollu-
tion, soil degradation, and lack of sustainable methods are discussed, along with concerns
about methane emissions from livestock and the need for eco-friendly farming practices
to combat these challenges.

Concern-Topic Category 10: The concerns discuss frustrations with farming prac-
tices, climate change, and maintaining online personas. There are concerns about misin-
formation, lack of support for farmers, and the negative impact of engagement farming.
Some individuals feel overwhelmed by balancing online and offline identities, while oth-
ers worry about the disconnect from reality and potential scams in the farming industry.

Concern-Topic Category 11: The concerns highlight various challenges in the farming
industry, including climate change impacts, financial struggles, lack of resources, and un-
sustainable practices. Concerns about food security, environmental consequences, and the
need for sustainable farming practices are emphasized. Reforms and support for farmers
are seen as essential for the future of agriculture.

Concern-Topic Category 12: The concerns covered a wide range of topics related to
farming and its impact on the environment, including concerns about pollution, waste
management, food security, climate change, unsustainable practices, and the need for sus-
tainable farming methods. Issues such as soil degradation, water management, income
struggles, and lack of climate knowledge were also discussed.

Concern-Topic Category 13: The concerns cover a wide range of topics related to cli-
mate change, agriculture, and environmental impact. It includes discussions on the sus-
tainability of current agricultural methods, concerns about misinformation and lack of
awareness, and the potential negative effects of climate change on farming and food pro-
duction. There are also mentions of political decisions, funding allocations, and the role
of different sectors in addressing climate change. Overall, the conversation highlights the
complexity and urgency of addressing environmental challenges and implementing sus-
tainable practices.

Concern-Topic Category 14: The concerns address a wide range of environmental
concerns in farming, including pollution, climate change, soil degradation, and biodiver-
sity loss. It emphasizes the need for sustainable practices, better waste management, and
eco-friendly farming methods to mitigate these issues. The impact of climate change on
agriculture and the challenges faced by farmers are also highlighted.

Concern-Topic Category 15: The concerns delve into a range of environmental issues
such as climate change, pollution, unsustainable farming practices, and urbanization. Con-
cerns include resource allocation, lack of transition to Net-Zero emissions, and the impact
of climate change on agriculture and food security. Participants stress the need for sustain-
able practices, waste management, and eco-friendly solutions to combat these challenges.

Concern-Topic Category 16: The concerns highlight concerns about the negative im-
pact of human activities, such as farming and industrialization, on the environment. Is-
sues like pollution, climate change, and unsustainable practices are discussed. There is a
call for more sustainable agriculture practices to protect the environment and ensure food
security in the future.

Concern-Topic Category 17: The concerns highlight concerns about the environmen-
tal impact of farming practices, including pollution, soil degradation, and climate change
effects on food security and water access. Calls for eco-friendly practices, sustainable
farming techniques, and better resource management are emphasized to address chal-
lenges faced by farmers and protect the environment.
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Concern-Topic Category 18: The concerns delve into the impact of human activities
on the environment, particularly in farming and waste management. Concerns are raised
about pollution, unsustainable practices, and climate change denial. The need for sustain-
able farming methods, eco-friendly solutions, and addressing environmental issues for
future generations is emphasized.

Concern-Topic Category 19: The concerns cover concerns about the impact of climate
change on farming, including pollution, lack of sustainability, and exploitation of tradi-
tional practices. It also discusses issues such as food insecurity, unequal wealth distribu-
tion, and the negative effects of farming practices on the environment. Additionally, social
issues like racism and rural stress are mentioned.

Concern-Topic Category 20: The concerns highlighted various challenges in agricul-
ture, including lack of information on sustainable farming, soil degradation, climate
change’s impact on food security, and resistance to eco-friendly policies. Concerns about
traditional farming practices, lack of awareness about sustainable methods, and the need
for climate-smart agriculture were discussed. Calls for improved farming techniques, bal-
anced fertilization, and sustainable practices to address these challenges were made.

Appendix B. Key Phrase Network of 10 Sub-Discussions, Categorized
by Sentiment

Community 1 — All Sentiments

Community 1 — Neutral Sentiment
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Figure Al. Key phrase network of sub-discussion 1.
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Figure A3. Key phrase network of sub-discussion 3.
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Community 4 — All Sentiments Community 4 — Neutral Sentiment
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Community 4 — Positive Sentiment
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Figure A4. Key phrase network of sub-discussion 4.
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Figure A5. Key phrase network of sub-discussion 5.



Land 2025, 14, 1198

27 of 32

Community 6 — Neutral Sentiment

Community 6 — All Sentiments

291 )

A= ALY 4 cking Saga
’\ 4§. |
' CPakY

,A\‘",Jh

Community 6 — Negative Sentiment Community 6 — Positive Sentiment

Bigghi®ss18

Figure A6. Key phrase network of sub-discussion 6.
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