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1. Introduction

The Caribbean region, encompassing several Small Island Developing States

(SIDS), is widely recognised as one of the most vulnerable regions to be impacted

by climate change (Nurse et al. 2014). This vulnerability stems, primarily, from its

geographical location which makes it especially sensitive to climate-related events

(Taylor et al. 2012). The region experiences a distinct rainfall season from May to

November and a dry season from December to April (Taylor et al. 2012; Taylor et al.

2002). In addition, the Caribbean is affected by factors such as the Inter-Tropical

Convergence Zone, Easterly Trade Winds, Cold Fronts and is typically in the path

of hurricanes and tropical depressions. The Caribbean continues to face natural

disasters similar to Hurricanes Irma and Maria in 2017.

Since 1950, the region has been disproportionately affected by such disasters,

resulting in substantial loss of life and economic damage. Note that the ratio of

coast length to land mass is larger for smaller countries which tend to have fewer

reserved resources because of their size. Despite variations across the twenty-six

(26) island territories (see Figure 1), certain key features are shared, such as the

size of land masses, terrains, and the heavy reliance on coastlines for various

socio-economic activities, particularly tourism. Furthermore, the agricultural sector,

which contributes 10–35% of the entire region’s GDP, is significantly impacted by

these events (Karmalkar et al. 2013).

The challenges posed by climate change in the Caribbean are substantial,

exacerbated by the unique vulnerabilities of the region. Large coastal populations and

exposed geographical locations make the Caribbean particularly susceptible to rising

sea levels, intensified storms, increased rainfall leading to flooding, dangerously

high temperatures, and shifting precipitation patterns, all of which significantly

affect agriculture and water resources. Furthermore, some islands face the alarming

prospect of becoming uninhabitable without prompt action.
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Figure 1. The geographical locations of the 26 Caribbean Islands; the 13 highlighted

territories are independent. Source: Reprinted from Wikimedia Commons (n.d.).

In response to these challenges, numerous initiatives by various organisations

have emerged to address climate change impacts in the Caribbean. Countries

like Barbados and Dominica have taken the lead with ambitious plans to reduce

greenhouse gas emissions and invest in climate-resilient infrastructure projects.

However, despite these efforts, the region requires substantial support to effectively

tackle climate change and build resilience.

In order for governments to prioritise these initiatives, one must educate the

population so that they can assist in making the necessary changes. In this process,

collecting public perceptions about climate change in the Caribbean is crucial.

Continuous understanding of how individuals perceive and respond to climate

change can inform policymakers and stakeholders in developing effective strategies

to mitigate its effects and build resilience. Continuous feedback is vital to ensure that

the actions being taken are indeed resulting in positive change.

Historically, the Caribbean has experienced annual losses owing to hurricane

damages equivalent to 17% of its GDP (UNDP 2022). Given the Caribbean’s history

of environmental challenges and caused by hurricanes, it is likely that public

perceptions are deeply influenced by first-hand experiences with extreme weather

events. Individuals may express concerns about the increasing frequency and severity

of storms, as well as their impacts on lives, livelihoods, and the economy.

Moreover, public perceptions may also reflect awareness of the region’s limited

contribution to global greenhouse gas emissions compared to its disproportionate

vulnerability to climate change. There may be frustration or urgency regarding the

need for international cooperation and support to address climate-related challenges.
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Furthermore, public perceptions may highlight the importance of preserving and

protecting natural resources, such as coastal ecosystems, which play a critical role

in buffering against the impacts of climate change, including storm surge and

sea-level rise.

In collecting public perceptions about climate change in the Caribbean,

researchers and policymakers should consider diverse perspectives across

socio-economic, cultural, and geographical contexts within the region. Engaging with

local communities, stakeholders, and indigenous knowledge holders can provide

valuable insights into adaptation strategies, traditional practices, and community

resilience efforts.

While research has primarily focused on the biophysical and chemical effects

of climate change in the Caribbean, such as rising sea levels, ocean acidification,

and temperatures, there is a gap in the understanding of socio-economic impacts

(Eakin et al. 2010; Pike 2013; Canning-Clode et al. 2011). There is a need for more

comprehensive approaches to grasp the causes, potential effects, and mitigation

methods of climate change (Rhiney 2015).

Advancements in computing, particularly in Big Data, Artificial Intelligence

(AI), and Machine Learning (ML), offer promising avenues for addressing complex

climate change issues (Bochenek and Ustrnul 2022). ML is a subset of artificial

intelligence that enables systems to automatically learn and improve from experience

without being explicitly programmed. It involves algorithms that analyse data,

identify patterns, and make predictions or decisions based on that analysis.

Researchers have been exploring the potential of Machine Learning (ML) in

understanding and addressing climate change challenges. Addison et al. (2025)

developed an AI-powered risk classification tool for the OECS, highlighting how

predictive analytics can enhance disaster preparedness across Caribbean SIDS.

Belesova et al. (2021) developed a systematic database of peer-reviewed studies

utilising ML methods to assess climate change mitigation and adaptation actions in

urban settings. The aim was to inform decision-makers about the impacts of such

actions on human health and wellbeing. Beucler et al. (2024) also developed ML

models which are robust to climate variations.

In addition, The ML Methods in Climate Prediction Survey (Chen et al. 2023)

focused on evaluating the effectiveness of ML in weather forecasting and climate

prediction, particularly in improving accuracy and speed in climate modelling. In

addition, various studies have utilised supervised and unsupervised ML to identify

and classify climate and health-related articles, generating evidence through heat

maps and geographical maps to synthesise trends in climate health publications.
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These studies collectively demonstrate the growing role of ML in enhancing our

understanding of climate dynamics, impacts, and mitigation strategies. This allows

for the real-time exploration of climate-related features such as wind, precipitation,

and ocean temperatures which are crucial for understanding and predicting extreme

events. Although such studies are more prevalent in larger countries with greater

data availability, efforts to increase data collection in the Caribbean will allow for

similar research but using our unique constraints.

Therefore, the main research questions of this study are as follows:

1. How can Machine Learning be utilised to collect, analyse, and comprehend public

attitudes and perceptions towards climate action in the Caribbean region?
2. What is a suitable framework for a dynamic feedback loop in which the impact

of the decisions made based on these data can be measured and used to

continuously update the actions taken?

Firstly, recent studies performed on climate perceptions will be reviewed as

well as how ML concepts have been applied in the Caribbean context of climate

change. From this, a proposed framework will be presented to collate and analyse

multiple data sources on climate attitudes obtained from social media, surveys, and

public discourse. The framework should demonstrate the potential for applying

these Machine Learning techniques to uncover nuanced and comprehensive insights

into the factors influencing climate attitudes and the gaps between knowledge and

action. Finally, the implications and recommendations of using Machine Learning

for designing effective communication and policy interventions that resonate with

Caribbean communities will be discussed.

This study aims to provide a novel and interdisciplinary perspective on the use

of Machine Learning for climate attitude analysis in the Caribbean region, showcase

the advantages and challenges of Machine Learning for capturing the diversity and

complexity of climate attitudes across different data sources and dimensions, and

offer practical and evidence-based suggestions for enhancing public engagement

and participation in climate action in the Caribbean region.

2. Conventional Climate Action Strategies in the Caribbean

Conventional climate mitigation strategies usually align with various

approaches, from data collection, data analysis, and dissemination to stakeholders

and the public. In the realm of conventional methods employed for gaining climate

insights, a variety of approaches are commonly employed. These include face-to-face

surveys using closed questions, semi-structured interviews with subsequent thematic

analysis, and traditional surveys. Statistical tests are frequently conducted on survey
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data to derive meaningful conclusions. In addition, insights are gleaned through

interviews, observations, and the analysis of pertinent documents.

Policy analysis, literature reviews, and comparative analyses are also integral

methods used to inform climate understanding. Meteorological data, alongside

databases such as the Rio climate markers database, provide valuable quantitative

information. Additionally, focus group discussions serve as a platform for gathering

qualitative insights from diverse perspectives. Together, these conventional methods

offer a comprehensive approach to understanding and addressing climate-related

challenges (Figure 2).

Figure 2. Graphical representation of conventional approaches to climate insights

with monitoring and evaluation. Source: Figure by authors; icons sourced from

Adobe Stock (n.d.).
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2.1. Cases for Conventional Approaches—A Closer Look

Where primary data collection was involved, climate perception data collection

tended to revolve around traditional methods such as conducting surveys (Stancioff

et al. 2018; Drewry et al. 2022; Whittaker and Bell 2019) and interviews (Dookie et al.

2023; Cloos et al. 2023; Selby et al. 2020) across SIDS. Semi-structured interviews were

also conducted with experts in the arena (Robinson 2018) in order to gain insights

from policymakers. Secondary data collection methods involved techniques such

as keyword searches on Google Scholar followed by manual review for relevance

(Bochenek and Ustrnul 2022) as well as consultation of government and civil society

documents and reports, scholarly books, and articles (Montoute et al. 2019).

2.1.1. Thematic Analysis

Thematic analysis was applied to the interviews revolving around climate

perception data usage (Dookie et al. 2023; Mahon et al. 2021) to extract ideas based

on the opinions gathered. With respect to more quantitative data, some studies

such as those by Dookie and Spence-Hemmings (2022) established metrics based on

historical observational data to quantify features such as storm awareness timing to

determine an island’s preparedness in the event of alerts. Lewis and Su (2021) also

investigated metrics such as a policy coherence score which quantifies the measure

of coherence of some SIDS territories to that of the climate change adaptation policies

outlined for them.

2.1.2. Surveys

Whittaker and Bell (2019) conducted a survey in St. Kitts and Nevis, involving

228 residents aged 15–75 years between 2015 and 2017. Results showed that 88.6% of

respondents were aware of climate change, while 43.2% felt personally unprepared

for its consequences. About 35% were unaware of government measures to enhance

adaptive capability, but half were willing to invest in such measures. Top solutions

proposed by residents for improving future resilience included education and

awareness programmes, sustainable land use development, and renewable energy.

Similarly to findings by Drewry et al. (2022), respondents primarily obtained climate

change information from television (62%), the internet (62.4%), and radio (43.7%).

2.1.3. Semi-Structured Interviews

Dookie et al. (2023), Cloos et al. (2023), Selby et al. (2020), and Robinson

(2018) utilised semi-structured interviews to explore climate action perceptions in
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the Caribbean. Dookie et al. (2023) focused on climate information utilisation

in the region, conducting 26 interviews with sectoral experts. Results revealed

challenges and facilitators to decision-making using climate knowledge. While 12

out of 26 respondents utilised such information, concerns were raised about the lack

of formal definitions, the politicisation of resilience, and shifting goalposts. The study

identified barriers to using climate information, including application/usability

issues, limited awareness and access, political and policy challenges, and resource

constraints. Enablers for improved utilisation included better contextual relevance,

application and training, increased awareness and access, and recent events.

Financial factors, donor attention, and international drives were highlighted as

preferred factors driving demand for climate information.

Cloos et al. (2023) investigated human mobility experiences in Dominica

after extreme weather events (tropical storms or hurricanes), with an emphasis

on material and living situations, access to resources and support, social network

conditions, and health concerns. Thus, interviews were conducted with 25 people

who were internally displaced following an extreme climate event in Dominica

and with people who migrated from Dominica to Guadeloupe. Participants’ health

assessments varied, with 13 viewing their health positively and 11 negatively. The

study highlighted significant mental health challenges like panic, worry, and stress,

especially among those displaced and lacking proper shelter during the crisis.

Financial losses were substantial, leading many to depend on aid from

international organisations and their families. The importance of community support

post-disaster was emphasised, though some noted community divisions. Housing,

food, water, and adapting to new environments posed challenges, with uneven

support and issues adjusting to urban life. Access to essential services, including

healthcare and psychosocial support, was inconsistent across areas. Displacement to

places like Guadeloupe was influenced by immediate post-disaster conditions and

existing socio-economic connections, with some citing improved healthcare access as

a factor for relocation.

Selby et al. (2020) explored climate change learning initiatives in St. Vincent

and the Grenadines, critically reviewed leading-edge approaches to climate change

education, and considered implications for re-conceptualising “good practice” in

climate change education. As such, their findings revealed that a blend of formal

and informal learning is effective, activism is woven into both learning contexts, and

trans-disciplinary learning transcends disciplinary boundaries.

Moreover, Robinson (2018) identified trends and limitations in how SIDS in

the Caribbean region are adapting to climate change at the national level from 26
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Caribbean policymakers from Antigua and Barbuda, Belize, Dominica, Guyana,

Jamaica, St. Lucia, and Trinidad and Tobago. Findings showed that these islands are

actively pursuing climate change adaptation through vulnerability assessments,

public education, and policy development, with sea-level rise identified as a

critical concern.

Key climate-induced vulnerabilities addressed include hurricanes, storm surges,

rainfall, temperature changes, and drought, alongside non-climate issues like

economic constraints and social factors. It was also highlighted that adaptation

efforts prioritise sectors such as coastal zones, forestry, agriculture, tourism, and

water. Jamaica was noted for establishing a dedicated Climate Change Division,

with sea-level rise identified as a major climate impact. However, although there are

proactive measures, challenges to adaptation exist, including financial limitations,

technical capacity, and governance issues.

2.1.4. Mixed-Method Approaches

In general, mixed-method approaches were found to be most popular and are

justified by the combined insights gained from both qualitative and quantitative

data. Drewry et al. (2022) conducted an online survey on 2599 individuals from ten

English-speaking Caribbean nations to assess public perceptions on climate change

and health. The study aimed to inform climate and health communication plans,

establish a baseline for tracking public understanding and engagement, address the

lack of region-specific data, and promote further research.

Results showed that the majority of respondents (60%) believed that human

actions are the main cause of climate change, with many seeing it as having a

moderate to significant impact on health, mainly due to extreme weather, heat, and

air pollution. Most respondents (84%) recognised vulnerable populations affected by

climate change and felt that their countries should intensify efforts to protect citizens

from climate-related health issues. They also expressed trust in Ministry of Health

officials and local healthcare providers over traditional news outlets and social media

for climate change information.

Overall, we find that conventional climate change education in Caribbean

countries benefits from innovative, community-driven approaches, which can inform

global best practices.

3. Critical Themes Derived from Climate Action Strategies

Using the insights from conventional approaches for understanding climate

action perceptions in the Caribbean, we can explore innovative strategies that
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address specific demands within key sectors. For instance, the specific demand for

climate services in the tourism sector highlights a gap in tailored climate information

services, essential for informed decision-making within particular industries (Mahon

et al. 2021). By examining themes such as community engagement and education,

sustainability, technological innovation, environmental justice, and policy coherence,

these insights can be tailored into climate change adaptation strategies for informed

decision-making and sustainable development in the Caribbean.

3.1. Community Engagement and Education

Community engagement and education are increasingly recognised as

foundational in strengthening resilience to climate change. Investigations into local

perceptions, such as those conducted in St. Kitts and Malé, Maldives, underscore

the importance of incorporating local knowledge into climate change adaptation

strategies (Stancioff et al. 2018). Furthermore, the potential of merging formal

and informal learning strategies is highlighted in initiatives aimed at enhancing

community awareness and action against climate change (Selby et al. 2020). The

breadth of community-led actions in addressing the health impacts of climate change

in the Anglophone Caribbean calls for further research to innovate adaptation and

health strategies, advocating for community-centric approaches in climate change

education and action (Myhre et al. 2024).

3.2. Sustainability, Technological Innovation, and Environmental Justice

The nexus of sustainability, technology, and environmental justice offers

insightful perspectives on the multifaceted challenges and opportunities presented

by climate change. The use of artificial intelligence (AI) applications in addressing

sustainability challenges within Latin America and the Caribbean showcases

the promising role of technology in advancing sustainable development and

environmental issue mitigation (Salas et al. 2022). In addition, the social dimensions

of environmental risks, particularly flood injustice, spotlight the uneven impacts of

environmental hazards across communities and the role of policy in these disparities,

advocating for a focus on environmental justice in climate adaptation policymaking

(Sullivan et al. n.d.).

3.3. Policy Coherence and Adaptation Strategy Integration

Integrating climate change adaptation into sectoral and national policies is

crucial for a coordinated and effective response to climate change. Studies examining

policy coherence and adaptation strategies within the Caribbean reveal challenges in
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aligning sectoral policies with national adaptation goals (Lewis and Su 2021). These

challenges highlight the need for enhanced policy coherence to facilitate cohesive

and effective adaptation planning and implementation, pointing to financing,

institutional arrangements, and political will as key barriers (Robinson 2018).

4. Applying Machine Learning Approaches for Climate Action Strategies

In the Caribbean region, Machine Learning and AI can play a pivotal role

in enhancing knowledge, attitudes, and perceptions. The application of these

advanced methodologies in climate change research has resulted in improved

weather predictions with increased warning periods. This integration is crucial for

refining climate models and forecasts, with studies emphasising the role of Machine

Learning in increasing the precision of weather and climate modelling (Bochenek

and Ustrnul 2022).

The significance of disseminating timely storm alerts and warnings is paramount

in disaster preparedness efforts. Research indicates notable variability in storm

awareness times across the Caribbean, underscoring the necessity for enhanced

communication strategies to facilitate the efficient dissemination of critical risk

information (Dookie and Spence-Hemmings 2022).

4.1. Customised Climate Information

Machine Learning models offer the capability to analyse historical climate data

specific to the Caribbean, yielding tailored insights. By comprehending local climate

patterns, communities can make well-informed decisions regarding adaptation and

mitigation strategies. These models also facilitate predictions on various aspects

of climate change. For instance, Nichols and Hosein (Nichols and Hosein 2021)

introduced a computationally cost-effective solution using ensemble ML methods

for deforestation prediction in Small Island Developing States (SIDS). This approach

proves more accessible to SIDS due to lower resource requirements compared to

Fully Convolutional Neural Networks (FCNs). Since updated satellite data are often

unavailable for SIDS, the models fill a critical gap by allowing these territories to

monitor deforestation rates using less intensive resources, despite the challenges of

data collection and satellite coverage peculiar to their location.

As shown by Kemp (2024), internet access and social media usage in Trinidad

and Tobago in 2023 stood at 79% and 65.5%, respectively, with 82.9% of internet users

using at least one social media platform. These statistics indicate that social media

networks can serve as media for disseminating updates on weather events or natural

disasters in SIDs. The reach of these networks allows for user-based reporting, giving
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communities access to more real time information, at the risk of its validity. Given

the pervasiveness of social networks in modern times, they have been viewed with

much attention for the potential in the information that can be extracted and used.

One such method is shown to capitalise on this information from tweets.

Hernandez-Suarez et al. (2019) presented a method where Twitter data were

leveraged to depict areas in which a majority of tweets reporting natural disasters

are concentrated. A case study was performed using Mexico’s 2017 earthquake and

showed that the resulting coordinates obtained coincided with the data presented by

the federal government of Mexico. Applications such as this enhance the current state

of climate information dissemination, offering real-time updates with verification

through the use of majority reporting.

4.2. Early Warning Systems

Machine Learning algorithms have the capability to forecast extreme weather

events, such as hurricanes and floods, with increased precision. By providing

advanced warnings, these predictions enable governments and citizens to take

proactive measures, thereby protecting lives and property from potential harm.

Such timely actions can significantly mitigate the impact of these hazardous events,

ensuring the safety and wellbeing of affected communities. Studies suggest that the

benefits of these Early Warning Systems greatly exceed their costs (Bouwer et al. 2014).

In order to implement a given Early Warning System, several factors must be

addressed. Firstly, significant knowledge of the disaster at hand must be gathered.

Features such as the hazards, exposure, vulnerabilities and risks associated with the

event must be identified to allow for the best decisions to be made. Data such as

historical events, geography, environmental aspects, and economic aspects, to name

a few, should be collated and analysed to gain prior insight into the decisions to be

made and their potential effects (Acosta-Coll et al. 2018).

Secondly, forecasting methods are key in identifying the real-time causes for

concern. This usually exists under two sections. The first is Monitoring and is

responsible for gathering data regarding the necessary variables associated with

the particular event. The second refers to the Information Processing Unit and

deals with analysis and modelling based on the data supplied by the Monitoring

Unit (Acosta-Coll et al. 2018). Visualisations based on the results here are typically

used to support timely decisions from the requisite authorities as well as citizens

(Weichselgartner and Pigeon 2015).

Thirdly, the content of alerts as well as the media by which transmission of these

alerts to the general public should be considered, allowing the affected population
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adequate time to make educated decisions. Considerations such as the reach of the

alerts, as well as the understanding of the alerts sent, should also be researched to

provide quick and clear facts to the public (Acosta-Coll et al. 2018).

Finally, disaster preparedness is concerned with allowing the population to be

able to react when an event occurs (Altay and Green 2006). The population must be

able to interpret the alerts issued to be able to make fast, effective decisions based on

their respective situations. Protective measures should be taken by potentially affected

communities based on the communicated information (Acosta-Coll et al. 2018).

4.3. Climate Education and Awareness Using Machine Learning

Climate education and awareness can be significantly enhanced through the

utilisation of Machine Learning (ML). ML-powered educational tools have the capacity

to effectively disseminate climate knowledge to a wide audience. Interactive platforms,

chatbots, and mobile applications powered by Machine Learning algorithms can

engage citizens in meaningful ways, fostering awareness and deepening understanding

of climate-related issues. These innovative tools provide an interactive and

accessible means for individuals to learn about climate change, its impacts, and

potential solutions, thereby empowering them to take informed actions towards

environmental sustainability.

Natural Language Processing (NLP) and Large Language Models (LLMs) can

revolutionise climate education and awareness by leveraging their capabilities to

analyse, generate, and understand human language. Firstly, NLP algorithms can sift

through vast amounts of textual data related to climate science, policy documents,

research papers, and educational materials to extract key insights and trends. These

insights can then be used to tailor educational content and create informative

resources that cater to different learning styles and preferences.

Sentiment analysis, an area of study in the field of NLP, is a technique that

summarises the overall sentiment of textual data. Sentiment analysis categorises

sentiments as positive, negative, or neutral which can unearth the general public’s

attitudes toward climate action. Sentiment analysis emerges as a pivotal technique

in the realm of NLP, particularly within the context of the climate change discourse.

Findings from Krishnan and Anoop (2023) highlight the application of

ClimateBERT for sentiment analysis in the climate change domain. It is clear that

such techniques offer a powerful means to enhance climate education and awareness.

Their work demonstrates sentiment analysis as a pivotal tool in deciphering the

complex tapestry of public opinion on climate change which showcases its utility

in gauging sentiments across a spectrum of discussions from social media to news
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articles. This depth of insight allows for the nuanced tailoring of educational content

to meet the audience’s specific needs and concerns.

By identifying prevalent sentiments, whether they are concerns, misconceptions,

or areas of particular interest, climate education initiatives can adapt to more

effectively communicate crucial information. For example, detecting a strong interest

in sustainable technologies could lead to the development of specialised content

that explores innovative solutions in detail, thereby feeding the audience’s curiosity

and fostering a deeper understanding. Similarly, pinpointing areas of scepticism or

misinformation enables educators to directly address these issues. Hence, providing

clear, fact-based responses thus enhances the overall educational impact.

Topic modelling is another area of NLP that can be used in climate change

awareness and education. Topic modelling techniques categorises a corpus of text

data into distinct themes such as renewable energy, conservation efforts, and policy

support. By applying Latent Dirichlet Allocation (LDA), researchers can identify

underlying themes in discussions on climate change, offering a structured overview

of public sentiment and discourse patterns. This organisation of data not only

facilitates a deeper comprehension of the public’s concerns and interests but also aids

in identifying areas requiring further education or policy intervention (Uthirapathy

and Sandanam 2023).

In addition, LLMs, such as OpenAI’s GPT series, can generate natural language

text that mimics human-like writing. This capability can be harnessed to develop

interactive educational materials, such as chatbots or virtual assistants, that engage

users in meaningful conversations about climate change. These chatbots can

provide personalised responses to users’ queries, offer explanations of complex

concepts in simple terms, and even simulate real-world scenarios to enhance

learning experiences.

Furthermore, NLP and LLMs can facilitate the translation of climate-related

information into multiple languages, thereby extending the reach of climate

education initiatives to diverse communities worldwide. By breaking down language

barriers, these technologies enable a more inclusive approach to climate education

and awareness, ensuring that individuals from all backgrounds have access to

valuable information and resources.

As observed across several studies (Dookie et al. 2023; Selby et al. 2020; Salas

et al. 2022), document analysis, literature reviews, and semi-structured interviews are

prominent in gaining insights into climate information use as the data available are

qualitative in nature. As a result, techniques such as thematic analysis and deductive

coding must be applied to extract key information from these data collection practices.
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In recent times, LLMs have been made publicly available such as OpenAI’s Chat

Generative Pre-trained Transformer (ChatGPT).

There are artificial intelligence (AI) models derived from deep learning

techniques and these are used to generate text (Dengel et al. 2023). LLMs can

be employed to streamline the processing of documents and interview exchanges,

extracting essential points and themes, instead of depending on manual thematic

analysis. Such technologies can efficiently manage large documents, handling

analyses that may be time-consuming even for domain experts. They can also be used

to automate the conducting of surveys by simplification of the survey conducting

process (Tewari and Hosein 2024).

Chew et al. (2023) reported that their findings in testing LLMs for deductive

coding were comparable to that of human coders and promoted the use of LLMs

as an assistive tool to support larger qualitative research where manually taxing

tasks are concerned. De Paoli (2023) looked into the use of LLMs in performing

thematic analysis in semi-structured interviews and found that the models could

identify most of the main themes from previous research with a good degree of

validity. This means that these solutions provide a gateway into accelerated climate

information insights from longer-form data, thereby enriching the availability of

qualitative climate information and policies.

Overall, the integration of NLP and LLMs into climate education and

awareness efforts holds immense potential to enhance learning experiences, foster

engagement, and empower individuals to take meaningful action towards addressing

climate change.

4.4. Behavioural Change Interventions and Local Adaptation Strategies

Machine Learning can identify patterns in human behaviour associated with

climate change, offering valuable insights into the factors influencing environmental

actions. By analysing data from various sources, ML algorithms can pinpoint trends

and preferences related to sustainability practices. These insights enable targeted

interventions aimed at encouraging behaviours that contribute to environmental

conservation, such as reducing energy consumption or adopting eco-friendly

transportation methods.

For instance, Machine Learning can be used to analyse transportation data

from mobile apps and public transit systems. The analysis can reveal patterns

of commuting behaviour, including peak travel times and preferred modes of

transportation. Based on these findings, government planners can implement

targeted interventions, such as incentivizing public transit use during peak hours
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and promoting bicycle-sharing programmes, similar to those in developed countries

where there is a noticeable decrease in carbon emissions and traffic congestion,

demonstrating the effectiveness of ML-driven interventions in promoting sustainable

transportation practices.

4.5. Enhanced Climate Action Using Machine Learning

Machine Learning enhances climate models by integrating regional data,

refining them to offer more precise projections. These fine-tuned models are

invaluable for policymakers and planners, providing them with enhanced accuracy

to make informed decisions regarding climate-related issues. This process is shown

in the graphical representation in Figure 3.

Figure 3. A graphical representation of the continuous feedback loop which

incorporates Machine Learning to enhance conventional climate action approaches.

Source: Figure by authors; icons sourced from Adobe Stock (n.d.).
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Data collection involves gathering diverse datasets from the Caribbean region,

including social media posts, survey responses, news articles, climate data, and

government reports. In February 2025, there were 2.03 million cellular mobile

connections among a population of 1.51 million, with 1.28 million individual internet

connections and 873 thousand social media identities in Trinidad and Tobago

(DataReportal 2025). To best perform data collection among populations with varying

levels of access to telecommunications infrastructure, a multi-tiered data collection

approach may be necessary. In the first tier, social media data can be used to capture

a large portion of the population. Where social media usage may not be sufficient,

mobile phone surveys can be utilised.

Given the widespread presence of mobile phone usage across the Caribbean,

mobile phone surveys remain prevalent in both high- and low-income countries,

especially in low-income countries due to limited landline, internet, and personal

computing infrastructure (Gourlay et al. 2021). Where mobile phone surveys may

not be sufficient, in-person surveys can be conducted in disaster-prone areas or

communities recently affected by disasters. This approach ensures that social media

data are not assumed to represent the entire population, and persons with various

levels of technological access are adequately accounted for.

Once collected, the data undergo preprocessing to remove noise, handle missing

values, and standardise data formats. Traditionally, datasets were processed using

various methods such as document analysis and thematic analysis in the case of

qualitative data and the use of statistical methods in the case of quantitative data to

build appropriate models for analysis.

However, with the advancement of Machine Learning, these models can be

trained using the pre-processed data to analyse public attitudes, climate patterns,

and their interconnections. Feature engineering can extract relevant features like

sentiment scores, climate indicators, demographic information, and geographic

location. Sentiment analysis and topic modelling can analyse public perceptions

towards climate action and resilience efforts. Machine Learning algorithms can also

analyse climate data and identify patterns, trends, and potential climate-related risks

in the Caribbean region.

It is also important to note that most statistical models, in particular, focus

on inference rather than the predictive ability of Machine Learning models (Bzdok

et al. 2018). These methods are still important, as not all of these datasets meet

the requirements for training a Machine Learning model and so many potential

insights are potentially neglected due to the focus on inference. Qualitative analysis
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techniques such as deductive coding are often time-consuming exercises (Beucler

et al. 2024) and can be accelerated using LLMs as in the aforementioned research.

Figure 3 highlights the traditional route, without the use of Machine Learning

models. However, the feedback loop represents a non-continuous process, as

re-performing the conventional analyses with added data proves more time

consuming especially when compared to the ease of retraining a Machine Learning

model. However, a combination of both the traditional and modern approaches

may offer the most benefit to these systems due to the differences in focus, this

being inference for statistical models and prediction for Machine Learning models. It

should be noted that qualitative Machine Learning solutions are not yet at the level

to completely replace the traditional methods but can definitely be used to augment

and accelerate the process.

Insights derived from Machine Learning analysis inform policymakers about

public sentiments, climate vulnerabilities, and effective strategies for climate

resilience. Tailored communication strategies are developed based on identified

public attitudes and concerns to raise awareness and promote climate resilience

measures. Community engagement plays a crucial role in sharing knowledge,

providing education, and encouraging participation in climate resilience initiatives.

Implemented policies and interventions are continuously monitored for effectiveness,

with a near real-time, dynamic feedback loop informing future data collection, model

refinement, and policy adjustments. This dynamic and adaptive approach ensures

continuous improvement in climate resilience efforts.

4.6. Machine Learning Methodology and Agent-Based Extensions

In this study, we apply a structured machine learning (ML) framework tailored

to analysing public climate perceptions and attitudes in the Caribbean. This

methodology combines supervised and unsupervised learning techniques with

recent advances in natural language processing (NLP) and Large Language Models

(LLMs), all within a feedback-based agent architecture.

Supervised learning methods, such as decision trees and ensemble models,

are used for classification tasks involving sentiment and perception data derived

from structured surveys and labelled social media datasets. As shown by Bochenek

and Ustrnul (2022), such algorithms are effective for analysing weather and climate

data due to their ability to manage heterogeneous and noisy inputs, which is highly

relevant for regional data from Small Island Developing States.

In cases involving unlabelled or text-heavy datasets, such as public discourse

from social media or interview transcripts, unsupervised techniques are deployed.

355



Topic modelling techniques, like Latent Dirichlet Allocation (LDA), have already

been employed in similar contexts to identify emerging themes and dominant public

concerns related to climate change (Uthirapathy and Sandanam 2023).

To enhance these processes, we propose the integration of Large Language

Models (LLMs) such as GPT-type models, which have demonstrated effectiveness in

document summarization, thematic analysis, and deductive coding tasks (Chew et al.

2023; De Paoli 2023). For instance, Chew et al. (2023) reported that LLMs achieved

comparable results to human coders in deductive coding, and De Paoli (2023) found

LLMs capable of identifying key thematic structures in qualitative interview data

with acceptable validity.

The methodology also incorporates autonomous agents designed to function

as intermediaries in a continuous feedback loop between data sources and

policymaking. These agents use ML model outputs to recommend adaptive

communication strategies, tailor educational interventions, and update system

parameters in real time based on incoming data. This dynamic loop approach

builds on the hybrid framework already proposed in this study (see Figure 3), which

combines conventional thematic analysis with retrainable ML models for efficiency

and scalability.

Given the linguistic diversity across the Caribbean, particularly the use of

English Creole and other dialects, the deployment of NLP systems must also

involve culturally adapted preprocessing. Previous work, such as the application of

ClimateBERT in climate sentiment analysis (Krishnan and Anoop 2023), highlights

how models trained on domain-specific data can significantly improve the accuracy

of public opinion tracking and thematic extraction in climate discourse.

By leveraging these modern techniques, our ML methodology not only enhances

the speed and depth of analysis but also provides a scalable infrastructure that

integrates traditional qualitative methods with advanced computational models. This

hybrid system is intended to inform a more responsive, inclusive, and data-driven

approach to climate policy and education across Caribbean SIDS.

This study primarily adopts an explanatory approach to ML, aiming to

uncover patterns, themes, and influencing factors behind climate attitudes in the

Caribbean. While some predictive elements—such as sentiment classification and

risk forecasting—are used, the core objective is to interpret public perceptions

and inform targeted interventions. Predictive accuracy is therefore secondary

to interpretability, cultural relevance, and the practical utility of insights for

stakeholders and policymakers.
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5. Discussion

In order to truly assess the potential of Machine Learning techniques in

analysing public attitudes and perceptions towards climate action in the Caribbean,

it is important to examine the applicability of these algorithms, the challenges they

pose, and the implications for policy and communication strategies. The unique

challenges in the Caribbean allow for the application of a variety of Machine Learning

techniques suitable for studying climate attitudes in the Caribbean. Techniques like

sentiment analysis, natural language processing, and clustering algorithms show

promise in identifying patterns and sentiments within the diverse cultural context of

the region.

The effective application of Machine Learning algorithms requires careful

consideration of the region’s socio-cultural nuances. By utilising diverse data sources

such as social media interactions, surveys, and public discourse, these algorithms

can uncover insights into public attitudes towards climate action, providing a

basis for targeted interventions. However, the use of Machine Learning in this

context comes with challenges and limitations. Issues such as data availability

and quality, cultural and linguistic differences, and algorithmic biases present

significant obstacles. Moreover, the digital divide and varying levels of technological

infrastructure across the Caribbean pose challenges to comprehensive data collection.

A critical consideration in applying NLP and ML to analyse public attitudes

towards climate change in the Caribbean is the region’s rich linguistic and cultural

diversity. The Caribbean is home to numerous languages and dialects, such as

English Creole and French Creole. Each dialect is embedded with unique cultural

nuances that affect communication patterns. To ensure that analyses accurately

capture public sentiment and avoid misinterpretation, this study proposes the use of

multilingual NLP models, the development of Caribbean-specific language datasets

for fine-tuning, dialect-specific preprocessing to account for informal expressions,

and embedding local cultural context through curated domain knowledge. In

addition, to ensure that the models remain accurate and culturally appropriate,

local community members and linguistic experts should regularly review its outputs

and provide feedback for continuous improvement. By addressing these challenges

proactively, ML insights can more faithfully reflect the diversity of the Caribbean

voices and enhance the relevance and impact of climate action strategies

Machine Learning offers valuable tools for advancing climate action efforts,

but it comes with drawbacks. Foremost among these is the computational expense,

requiring substantial resources in terms of computing power and data. Additionally,
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Machine Learning models rely heavily on high-quality data, which can be scarce and

biassed in the context of climate science.

In addition, interpretability and transparency issues arise due to the complexity

of many Machine Learning algorithms, posing challenges in understanding their

decision-making processes. Ensuring the generalisation and robustness of these

models to future climate conditions is crucial, as is addressing ethical concerns

surrounding their deployment, such as the equitable distribution of benefits and

potential reinforcement of biases.

Overcoming these challenges requires interdisciplinary collaboration and active

mitigation strategies to leverage Machine Learning effectively in the pursuit of

climate resilience and sustainability. Considering the transformative potential of

Machine Learning insights on policy interventions and communication strategies,

there is potential for more targeted and effective approaches. By aligning policies

and communication efforts with prevailing attitudes and perceptions, policymakers

can enhance acceptance and engagement, fostering greater community involvement.

Machine Learning insights offer a pathway to bridge the gap between

knowledge and action in addressing climate change in the Caribbean. By providing

policymakers with actionable insights into public attitudes and perceptions, Machine

Learning facilitates evidence-based interventions tailored to the region’s unique

needs. Through interdisciplinary collaboration and informed decision-making,

meaningful action towards climate resilience and sustainability can be catalysed

in the Caribbean region.

5.1. Translating ML Insights into Policy Interventions

While Machine Learning techniques enable nuanced understanding of climate

perceptions, these insights must be systematically channelled into tangible policy

mechanisms. We propose a four-pronged approach for translating data-driven

findings into concrete, institutional action.

5.1.1. Institutional Feedback Channels

To ensure the regular integration of insights, analytical outputs should be

fed to ministries and government units through established intermediaries. For

example, findings can be channelled through national climate focal points or policy

liaisons embedded in regional organisations. Ministries such as Planning, Rural

Development, or Public Utilities can receive automated sentiment summaries and

trend dashboards, updated monthly.
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This process should be formalised via collaboration with local operational

entities such as the Office of Disaster Preparedness and Management (ODPM) in

Trinidad and Tobago, which plays a key role in emergency communication. ODPM

and similar agencies can translate model outputs into risk maps, alert thresholds, or

climate behaviour prompts, especially in the aftermath of climate-related events.

5.1.2. Role of Regional Climate Institutions

Regional organisations like the Caribbean Institute for Meteorology and

Hydrology (CIMH) already play an active role in synthesising and broadcasting

climate data across the region. ML-based public perception trends can complement

CIMH’s climate outlooks by adding a human-centred layer, i.e., how people feel

and react to climate threats. CIMH and similar institutions can act as brokers of

both technical and social climate insights, helping disseminate both to government

stakeholders and the wider public.

5.1.3. Community-Level Integration via Digital Agents

Tools such as LLM-powered education platforms have already been piloted

for flood risk communication in SIDS, offering a pathway for integrating

sentiment-informed messaging (Addison et al. 2024). As outlined in Section 4.5,

LLM-powered agents can support participatory policy by interacting with citizens in

local dialects, gathering structured feedback, and summarising thematic concerns.

These agents can be embedded in mobile applications or integrated into local

community centres. Their outputs, when verified by experts or civil society

monitors, can feed directly into national adaptation strategies, development plans,

or resilience-building programmes.

5.2. Ethical Considerations in Machine Learning and Data Collection

The use of public data sources such as social media raises important ethical

concerns. Although these platforms are open-access, users may not have explicitly

consented to their content being used for research. To address this, all data used

should be anonymized and aggregated to protect individual privacy. Bias is

another key risk, particularly in NLP models that may misinterpret local dialects or

under-represent marginalised voices. To mitigate this, we advocate for fine-tuning

models on Caribbean-specific data and involving local experts in review processes.

Large Language Models and digital agents should be implemented with

transparency and human oversight to prevent misuse or unintended harm. Ethical

use also involves ensuring that communities benefit from the research—such as by

359



sharing insights with local and regional partners like ODPM or CIMH to support

risk communication and resilience planning. A future ethics framework tailored to

the Caribbean SIDS context is recommended to guide responsible ML application in

climate research.

6. Conclusions and Future Directives

The application of ML insights presents a promising avenue for bridging the gap

between knowledge and action in addressing climate change within the Caribbean

region. By pinpointing specific knowledge gaps related to climate issues unique to the

Caribbean, such as the impacts of hurricanes, sea level rise, and coral reef degradation,

Machine Learning can guide targeted educational efforts to raise awareness and

enhance understanding among the public.

Moreover, predictive models generated through Machine Learning can

anticipate the diverse responses of Caribbean communities to proposed climate

policies. This foresight enables policymakers to tailor their strategies to better

align with the needs and concerns of the region, ensuring greater acceptance and

effectiveness of climate initiatives.

In addition, leveraging Machine Learning to gain insights into the sentiments

and priorities of Caribbean communities can inform the development of more

engaging and culturally relevant climate action initiatives. By involving local

stakeholders and addressing their specific challenges and perspectives, these

initiatives can foster a stronger sense of ownership and community involvement in

the fight against climate change.

Future work should focus on operationalising the proposed ML framework

across more Caribbean territories and using multilingual NLP models tailored

to regional dialects and local speech patterns. Longitudinal data collection and

panel-style perception surveys could support tracking shifts in climate attitudes

over time and help evaluate the long-term effectiveness of educational interventions.

Expanding partnerships with agencies like CIMH, ODPM, and local NGOs can also

facilitate real-time feedback loops, integrating public sentiment into disaster planning

and communication systems.

Building on these foundational directions, recent applied research is already

expanding the use of Machine Learning and Large Language Models into new

climate resilience domains across SIDS. Ongoing work is demonstrating the utility of

Large Language Models (LLMs) in developing digital agents for community-based

flood education and real-time alerts in SIDS, highlighting the potential for

context-aware AI in disaster risk reduction (Addison et al. 2025). These mechanisms
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illustrate the expanding role of Machine Learning and LLMs in advancing public

climate communication, localised vulnerability assessment, and climate-adaptive

infrastructure planning across SIDS.

Further research should also explore ethical and regulatory frameworks for the

use of LLMs in participatory governance, especially in low-resource or linguistically

diverse regions. Finally, agent-based modelling of behavioural responses to climate

policy—combined with sentiment-driven feedback—may offer valuable foresight for

adaptive planning in Caribbean SIDS.

As we harness the potential of technology and innovation, let us remain

committed to supporting Caribbean nations in their efforts to build resilience and

sustainability in the face of climate challenges. By working together and integrating

Machine Learning insights into our approach, we can create a more resilient and

prosperous future for the Caribbean and its people.
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