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 Abstract. This research aims at artificial intelligence-based text classification and question 

answering solutions in disaster literacy education and underlines the potential of artificial 

intelligence applications in disaster literacy education. Text classification and question answering 

applications emerge as effective tools in gaining disaster preparedness skills. Text classification 

guides students by identifying the topics covered in the educational material and helps focused 

learning. Question-answer applications enhance the learning experience by automatically 

extracting answers from texts. In the study, the Python programming language was used to 

demonstrate the AI applications. However, it emphasises the need to address larger datasets, more 

complex models and broader application areas in real-world scenarios. In particular, factors such 

as the use of pre-trained models, data cleaning and label consistency significantly affect the 

success of artificial intelligence applications. Therefore, careful consideration and optimisation 

of these factors can contribute to the improvement of application performance. The research 

results provide important recommendations for researchers, educators and practitioners aiming 

to develop AI-based disaster literacy education. However, the study underlines the need for 

further expansion in this area and advocates for more comprehensive research involving diverse 

datasets, various application contexts and more complex scenarios. 

Keywords: Disaster Literacy Education, Artificial Intelligence Applications, Text 

Classification, Question Answering, Disaster Literacy Curriculum 

1 Introduction 

Disasters pose a significant global challenge, exacerbated by factors such as climate 

change and geographical vulnerabilities (Becken et al., 2014; Rosselló et al., 2020). As 

these events increasingly impact communities worldwide, the importance of trained 

personnel in emergency response and recovery cannot be overstated (Joseph et al., 

2020; Karacaoğlu, 2024a; Karacaoğlu & Özkaya, 2024). Disaster literacy education  
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thus emerges as a crucial tool in preparing individuals and societies for such events, 

aiming to enhance their ability to effectively navigate disasters. However, traditional 

educational methods may fall short in providing realistic disaster experiences (Aygin 

& Yılmaz, 2022; Karacaoğlu, 2024b; Wang & Sun, 2023). Yet, advancements in 

technology offer avenues to address this gap. 

Intelligent systems engineering, particularly through artificial intelligence (AI) 

solutions, presents promising opportunities to revolutionize disaster literacy education 

(Asad et al., 2021; Ferri et al., 2020). By leveraging technologies like virtual reality 

(VR) and interactive platforms, participants can engage in immersive disaster scenarios 

and practice preparedness skills (Haleem et al., 2022; Sepulveda-Escobar & Morrison, 

2020; Shamir-Inbal & Blau, 2021). These technologies can help participants experience 

disaster scenarios, practice disaster preparedness skills, and better prepare for 

emergencies. One of the most recent and effective of these technologies is artificial 

intelligence solutions. The stages of coding artificial intelligence involve: data 

collection and preparation, algorithm selection, training and settings, integration, and 

testing and settings. Data is collected and prepared, algorithms are selected based on 

research objectives, trained using collected data, integrated into applications, and tested 

for effectiveness. Adjustments are made as needed to improve algorithm performance 

and user experience (Koutanaei et al., 2015; Nguyen et al., 2019; Schaffter et al., 2020). 

The integration of AI further enhances these experiences, enabling personalized 

training tailored to individual needs and learning styles (İlhan et al., 2008; Özmutlu, 

2021; Xi et al., 2020). 

This research aims to explore the effectiveness and feasibility of incorporating AI-

based solutions into disaster literacy education, offering innovative approaches to 

enhance preparedness. Through stages encompassing data collection, algorithm 

selection, training, integration, and testing, the study seeks to develop intelligent 

systems that adapt to users' requirements and optimize learning outcomes. By bridging 

the domains of disaster management and education, this research sheds light on the 

potential of intelligent systems engineering in fostering resilient societies. In 

conclusion, this study holds implications for advancing disaster preparedness through 

innovative technologies, underscoring the role of AI in revolutionizing education and 

training. By evaluating the efficacy of AI-integrated approaches, the research 

contributes to the ongoing discourse on leveraging technology to build more resilient 

communities. 

Purpose of the research 

The overarching objective of this study is to devise artificial intelligence (AI)-based 

solutions tailored for disaster literacy training initiatives. Specifically, the research 



 
 
 
 

 

 

co

m

ea

re

m

en

m

ef

tu

re

q

fi

tr

d

 

 

30             Ö. C. Karacaolu et al.

endeavors to advance the field by crafting exemplar models for text classification and 

question answering techniques, while also delving into strategies for optimizing these 

technologies within the realm of disaster literacy training. 

2 Method 

The research employs a systematic scientific approach to achieve its objectives. It 

encompasses the following key steps: 

1. Data Collection and Preparation: A comprehensive dataset is assembled, 

mprising diverse disaster scenarios and training metrics. This dataset includes textual 

aterials focused on disaster preparedness skills, covering topics such as home safety, 

rthquake drills, and communication strategies. 

2. Text Processing: Text processing techniques are applied to cleanse the dataset, 

moving low-quality or corrupted information and optimizing its content. Efforts are 

ade to ensure consistency and meaningfulness in the labeling of data. 

3. Text Classification: Employing text classification methodologies, the textual 

materials are categorized into specific skill domains relevant to disaster preparedness 

education. This facilitates targeted learning experiences for learners. 

4. Question Answering: The dataset undergoes question answering processing, 

abling automatic extraction of answers to questions embedded within the textual 

aterials. This aids learners in accessing relevant information efficiently. 

5. Optimization: Various optimization techniques are applied to enhance the 

fectiveness and efficiency of the AI models used. These include hyperparameter 

ning, feature engineering, transfer learning, cross-validation, and dimensionality 

duction. Additionally, the dataset undergoes optimization procedures to clean low-

uality data, eliminate redundancy, and refine labeling. 

6. Conclusions and Recommendations: The research concludes by summarizing 

ndings and discussing potential applications of AI-based solutions in disaster literacy 

aining. Recommendations are provided for further exploration and development in 

isaster preparedness education. 

Through these methodological steps, the research aims to develop effective AI-based 

solutions for disaster literacy education and contribute to advancements in educational 

practices related to disaster preparedness. 
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3 Finding 

Incorporating artificial intelligence (AI) into disaster literacy training is exemplified 

through a simple illustration. NoAlgorithm libraries such as NLTK, Spacy, and 

StanfordNLP, which adhere to universal linguistic rules, underpin various natural 

language processing (NLP) frameworks (Yılmaz & Yumuşak, 2021). In this research 

example, NLP techniques are applied to evaluate educational material focused on 

disaster awareness (Al Omran & Treude, 2017; Altinok, 2021). Utilizing the Python 

programming language and the widely-used spaCy NLP library, a sample code is 

provided to demonstrate this process, as depicted in Algorithm 1. 

Algorithm 1. Python code for Natural Language Processing (NLP) evaluation of 

disaster awareness educational material 

Algorithm ExtractKeywordsAndKeyPhrases 

    Input: Text to be processed 

    Output: List of keywords, List of key phrases 

    Step 1: Initialize Environment 

        Import spacy library 

        Load spaCy English model as nlp 

    Step 2: Define Input Text 

        Define variable education_text with the input text 

    Step 3: Process Text 

        doc = nlp(education_text) 

    Step 4: Extract Keywords 

        Initialize empty list key_words 

        For each token in doc 

            If token is not a stop word and is alphabetic 

                Append token.text to key_words 

    Step 5: Extract Key Phrases 

        Initialize empty list key_phrases 

        For each sentence in doc.sents 

            Append sentence.text to key_phrases 

    Step 6: Output Results 

        Print "Keywords:" followed by key_words 

        Print "Key Sentences:" 

        For each sentence in key_phrases with index i 

            Print i + 1 and sentence 

End Algorithm 

This code exemplifies a straightforward NLP application that analyzes a provided 

training text, extracting key words and phrases from it (Altıntop, 2023; Jackson & 

Moulinier, 2007). Such applications aid in identifying crucial topics within educational 

materials, guiding students on which concepts and sentences to prioritize. The code 

employs the SPACY library for NLP tasks, loading the English language model 

"en_core_web_sm" to facilitate language processing. Subsequently, the text undergoes 
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keyword extraction, resulting in the output of both keywords and sentences, as depicted 

in Figure 1. 

Figure 1. NLP evaluation process for disaster awareness educational material 

Figure 1 is describing the process outlined in Algorithm 1, which involves using natural 

language processing (NLP) techniques to evaluate educational material on disaster 

awareness. This figure visually represents the steps involved in the NLP evaluation, 

including loading the necessary libraries, processing the text, extracting keywords and 

key sentences, and displaying the results. 

Text Classification 

In this example, we illustrate the application of text classification to determine the 

subject to which training material pertains. Initially, a text classification model was 

constructed using Python and the Scikit-learn library, as depicted in Algorithm 2. 

Algorithm 2. Python code for text classification using scikit-learn for disaster literacy 

Algorithm TextClassification 

    Input: Training texts, Training tags, Test text 

    Output: Predicted class for the test text 

    Step 1: Import Libraries 

        Import TfidfVectorizer from sklearn.feature_extraction.text 

        Import MultinomialNB from sklearn.naive_bayes 

        Import make_pipeline from sklearn.pipeline 

        Import train_test_split and accuracy_score from sklearn.model_selection 

    Step 2: Define Training Data 

        Define list education_texts with training text samples 

        Define list tags with corresponding tags for the training texts 

    Step 3: Define Test Data 

        Define variable test_text with the test text string 

    Step 4: Create Text Classification Model 

        Create a pipeline model with TfidfVectorizer and MultinomialNB 

    Step 5: Train the Model 

        Fit model using education_texts and tags 

    Step 6: Classify the Test Data 

        Predict the class of test_text using the trained model 

        Store the prediction in variable predict 

    Step 7: Output Results 
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        Print "Test Text Class:" followed by predict[0] 

End Algorithm 

In this scenario, the text classification model underwent training using a set of training 

texts and subsequently predicted the category to which the test text belonged. Such an 

application facilitates the automatic categorization of training material into predefined 

categories. Algorithm 2 showcases the implementation of text classification utilizing 

the Scikit-learn library, where the imported methods contribute to the creation of a 

classification model algorithm. This model, trained on "tags," enables the automatic 

prediction of tags for given test texts. The successful operation of this trained model is 

depicted in Figure 2, where it generates accurate predictions.  

Figure 2. Text classification prediction for disaster literacy training material 

Figure 2 illustrates the successful application of text classification using the scikit-learn 

library to automatically predict the category of a given test text. This process involves 

training a text classification model on a set of training texts labeled with specific 

categories and then using this model to predict the category of a new text. 

Question Answering 

In this example, we employ a text-to-questions generation model to automatically 

extract answers to specific questions from the text. Hugging Face Transformers, a 

widely-used text-to-answer model, is utilized for this purpose (Tunstall et al., 2022; 

Srihari et al., 2023). This model possesses the capability to identify relevant answers 

within the text when queried with a question. Algorithm 3 provides an example of this 

model's implementation. 

Algorithm 3. Python code for question answering using hugging face transformers 

Algorithm QuestionAnswering 

    Input: Text from which answers will be extracted, Question for which the answer is required

    Output: Answer to the question 

    Step 1: Import Libraries 

        Import pipeline function from transformers library 

    Step 2: Load Question Answering Model 

        Initialize qa_model using pipeline function with "question-answering" task and "bert-

large-uncased-whole-word-masking-finetuned-squad" model 

    Step 3: Define Text 

        Define variable text with the text from which answers will be extracted 

    Step 4: Define Question 

        Define variable question with the question for which the answer is required 

    Step 5: Generate Answer 
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t

      Use qa_model to generate the answer by providing the question a

he text) 

nd context (which is

        Store the result in variable answer 

    Step 6: Output Results 

        Print "Question:" followed by question 

        Print "Answer:" followed by answer['answer'] 

End Algorithm 

The provided code demonstrates the utilization of a pre-trained question-answer model 

from the Hugging Face Transformers library to automatically extract answers from a 

given text document. Algorithm 3 showcases the Python code for this process, where a 

pre-trained model, "bert-large-uncased-whole-word-masking-finetuned-squad," is 

employed to generate answers to questions within the text. The steps involve loading 

the question-answer model, defining the text containing the information, specifying a 

question, and extracting the answer automatically from the text. 

In this code snippet, we utilize a BERT model to generate answers to questions posed 

within a text, facilitating the automatic extraction of relevant information from the 

training material. This approach enhances the effectiveness of presenting educational 

material to learners. Algorithm 3 demonstrates the creation of a model using the 

Transformers library, specifically designed to generate answers to questions. 

Leveraging the pipeline function, this model efficiently generates answers by extracting 

relevant information from the provided text. The successful operation of this model is 

illustrated in Figure 3. 

Figure 3. Question answering with hugging face transformers 

Figure 3 depicts the successful application of a question answering model utilizing the 

Hugging Face Transformers library to automatically extract answers from a provided 

text. This process entails employing a pre-trained model to comprehend the context of 

the text and generate responses to specific questions posed about that text. 

While this research employs simplistic examples, real-world applications often 

necessitate larger datasets and more intricate models. Testing the training material and 

questions on expanded datasets may enhance the model's performance. Examples of 

text classification and question answering from text are presented below, emphasizing 

the acquisition of disaster preparedness skills through artificial intelligence (AI) 

programs. Python code examples demonstrating how to execute these tasks are 

provided. 
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Text Classification 

Text classification serves to predict the disaster preparedness skills associated with a 

given text document. Algorithm 4 presents an example text classification code.  

Algorithm 4. Python code for disaster preparedness skills text classification 

Algorithm TextClassification 

    Input: Training texts, Training tags, Test text 

    Output: Predicted category for the test text 

    Step 1: Import Libraries 

        Import TfidfVectorizer from sklearn.feature_extraction.text 

        Import MultinomialNB from sklearn.naive_bayes 

        Import make_pipeline from sklearn.pipeline 

    Step 2: Define Training Data 

        Define list education_texts with training text samples 

        Define list tags with corresponding tags for the training texts 

    Step 3: Define Test Data 

        Define variable test_text with the test text string 

    Step 4: Create Text Classification Model 

        Create a pipeline model with TfidfVectorizer and MultinomialNB 

    Step 5: Train the Model 

        Fit model using education_texts and tags 

    Step 6: Classify the Test Data 

        Predict the category of test_text using the trained model 

        Store the prediction in variable predict 

    Step 7: Output Results 

        Print "Predicted Category:" followed by predict[0] 

End Algorithm 

This code snippet employs text classification to anticipate the disaster preparedness 

skills associated with a given text document. In Algorithm 4, Scikit-learn libraries are 

imported, and a model is constructed to ascertain which category each sentence belongs 

to based on the specified "text" and corresponding "tags." Subsequently, a model 

capable of predicting the category to which the test sentence belongs is developed, 

resulting in the output depicted in Figure 4. 

Figure 4. Disaster preparedness skills text classification 

Figure 4 depicts the successful application of text classification for disaster 

preparedness skills, where a model predicts the category of a given text document. This 

process involves training a text classification model on a set of training texts labeled 

with specific categories and then using this model to predict the category of a new text. 
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These examples highlight the functionalities of text classification and question-

answering systems, which may necessitate more sophisticated models, larger datasets, 

and further optimization for real-world applications. Optimization techniques play a 

crucial role in enhancing the performance and resource efficiency of AI applications 

such as text classification and question-answering. Below are some suggestions for 

leveraging optimization techniques in both applications (Çelik, 2020; Jadhav et al., 

2022; Kariri et al., 2023; Zhang et al., 2019): 

Optimisation for Text Classification 

- Adjust hyperparameters: Optimize model performance by adjusting parameters 

such as learning rate, number of epochs, and mini-batch size. 

- Feature engineering: Improve data representation through feature selection and 

ransformation. 

- Transfer learning: Utilize pre-trained models to accelerate learning and achieve 

etter results. 

- Cross-validation: Validate the model and fine-tune hyperparameters to enhance 

eneralizability. 

- Model size reduction: Reduce model size to optimize memory usage and 

omputational resources. 

Optimisation for Generating Answers to Questions from Text  

- Dataset optimization: Clean and preprocess the dataset to remove noise, redundant 

nformation, and inconsistencies. 

- Data augmentation: Employ techniques to increase the accuracy scores of question-

answer models by augmenting the dataset. 

aning: Clean noisy or misleading text to improve model performance. 

- Performance optimization: Utilize optimized computational techniques to enhance 

peed and efficiency. 

- Trimming strategies: Implement data trimming strategies to refine the dataset and 

improve model accuracy. 

While AI programs contribute significantly to optimizing applications, optimization 

techniques play a pivotal role in improving model performance and resource utilization. 

For instance, dataset optimization involves cleaning and refining the dataset to enhance 

its meaningfulness and usefulness, as exemplified in Algorithm 5. This dataset 

comprises text samples categorized into disaster preparedness education, with each 

sample labeled accordingly. Specific functions are employed to eliminate unnecessary 

words and characters from the texts, demonstrating an example of artificial intelligence 

coding for dataset optimization. 

Algorithm 5.  Disaster preparedness training dataset 

- Text cle
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Algorithm CleanAndProcessDataset 

    Input: Dataset with text and category 

    Output: Cleaned dataset with processed text 

    Step 1: Define Disaster Preparedness Training Dataset 

        Define list data_set with dictionaries containing keys "text" and "category" 

    Step 2: Define Text Cleaning Function 

        Function text_clean(text) 

            text = Use regular expression to remove all characters except letters and n

from text 

            Return cleaned text 

        End Function 

    Step 3: Clean Text Data in the Dataset 

        For each data in data_set 

            data["text"] = text_clean(data["text"]) 

        End For 

    Step 4: Define Junk Words Removal Function 

        Function remove_junk_words(text) 

            Define list junk_words with words to be removed 

            words = Split text into a list of words 

            clean_words = Filter out words that are in junk_words 

            clean_text = Join clean_words into a single string 

            Return clean_text 

        End Function 

    Step 5: Remove Junk Words from Text in the Dataset 

        For each data in data_set 

            data["text"] = remove_junk_words(data["text"]) 

            Print "Text:" followed by data["text"] 

            Print "Category:" followed by data["category"] 

            Print separator line 

        End For 

End Algorithm 

The dataset presented in Algorithm 5 serves as a valuable resource for disaster 

preparedness education, providing text samples paired with corresponding category 

labels. Each data sample comprises a question or statement along with a label indicating 

the category to which it belongs. This dataset covers a diverse range of topics relevant 

to disaster preparedness, such as ensuring the safety of homes during earthquakes, 

conducting earthquake drills, and communicating disaster information to family 

members. To enhance the quality of the dataset, several functions are employed to 

preprocess the text data. Initially, the text_clean function utilizes regular expressions 

to remove unwanted characters from the text, ensuring clarity and readability. 

Subsequently, the remove_junk_words function eliminates specific irrelevant words, 

further refining the text content. These preprocessing operations contribute to clearer 

and more understandable text data. After preprocessing, each data item is displayed 

along with its cleaned text and corresponding category label. This facilitates easy 

interpretation of the dataset contents, allowing users to discern the specific topic 

addressed by each data sample. 
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The text data provided in Algorithm 5, along with its associated categories, are 

organized within an array, where unnecessary elements such as words, spaces, and 

punctuation marks are removed through the use of the "Regular Expressions (re)" 

library. This ensures that the text is properly cleaned and categorized according to its 

content and corresponding category label. As depicted in Figure 5, the model 

effectively processes the cleaned text data, demonstrating its successful functionality 

in categorizing and cleaning the dataset for disaster preparedness education. 

Figure 5. Dataset optimization for disaster preparedness education 

Figure 5 demonstrates the successful application of dataset optimization techniques for 

disaster preparedness education. This process involves cleaning the dataset by 

removing unnecessary words and characters from the text samples, making the data 

more meaningful and useful for training AI models. 

The optimization of artificial intelligence (AI) involves various techniques, including 

learning-based methods and general optimization algorithms such as genetic 

algorithms, particle swarm optimization, ant colony optimization, BAT algorithm, and 

elephant swarm optimization. Dataset optimization and data cleaning are crucial 

preprocessing steps typically conducted at the outset of learning processes and data 

preparation stages. Cleaning low-quality or corrupted data, particularly in text mining 

and natural language processing applications, helps eliminate meaningless characters 

or noisy data from texts, thereby enhancing the dataset's quality and enabling the model 

to achieve better results. This preprocessing stage occurs before the learning process 

commences. Removing unnecessary information from the dataset aims to clarify and 

focus the data, such as eliminating unimportant words from text, a common practice in 

text mining and text classification applications. This process, akin to feature 

engineering and selection, occurs before the learning process begins. Additionally, 

improving data labeling can enhance the model's classification performance by 

ensuring consistency and meaningfulness in the dataset labels, particularly in 

supervised learning applications. These preprocessing steps contribute to optimizing 

the learning process by making the data more relevant, although they are primarily 

applied at the initial stages of learning or during data preparation. During the learning 
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process, various optimization techniques like particle swarm optimization, elephant 

swarm optimization, and ant colony optimization can further optimize model training. 

However, these methods are employed after preprocessing and during the learning 

phase to enhance model performance. 

The research findings underscore the potential of AI applications in disaster literacy 

training, as evidenced by examples utilizing text classification and question answering 

from text. Text classification is highlighted as a valuable tool for identifying the disaster 

preparedness skills addressed in educational materials. Similarly, generating answers 

to questions from text can enhance learning outcomes by automatically extracting 

relevant information from texts. Nonetheless, implementing these applications in real-

world scenarios may necessitate larger datasets and more complex models. Thus, 

further research and development, along with optimized models, are essential to enable 

the widespread adoption of these applications in diverse and complex contexts. 

4 Results and Discussion 

The study findings highlight the significant potential of artificial intelligence (AI) 

applications in disaster literacy training. Sirmaçek et al. (2023) underscored AI's critical 

role in addressing the 17 Sustainable Development Goals outlined in the United 

Nations' 2030 Agenda, particularly in areas such as public health, urban sustainability, 

and climate action. They noted AI's relevance in addressing emergencies like the 

COVID-19 pandemic and climate change crises, which present formidable challenges 

to society. For instance, Salman et al. (2020) demonstrated the effectiveness of AI in 

improving radiologists' efficiency by detecting COVID-19 pneumonia from high-

resolution X-rays, with results comparable to expert radiologists. This highlights AI's 

potential to ease radiologists' workload and enhance early diagnosis. Moreover, the 

study showcased the efficacy of text classification and question-answering techniques 

in disaster preparedness training. Text classification aids in guiding students 

effectively, while question-answering systems enhance learning experiences. 

Additionally, Noh et al. (2020) developed a multi-method simulation curriculum that 

enhanced disaster response competence, offering a promising tool for future research. 

Onan (2021) emphasized the superiority of AI-based deep learning in sensitivity 

analysis tasks within educational data mining, while Vermicelli et al. (2021) revealed 

the effectiveness of crowdsourcing in addressing disasters and pandemics through 

online communities. Similarly, Karacaoğlu (2024), who presented a bibliometric 

analysis of 210 scientific articles on the integration of artificial intelligence, text 

classification and question-answer solutions in disaster education between 2001 and 

2024, showed an increase in scientific activities in the field and emphasised that the 
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terms "artificial intelligence", "deep learning" and "machine learning" came to the fore. 

Overall, these findings underline the transformative potential of artificial intelligence 

in disaster literacy education, paving the way for more effective and efficient learning 

experiences. 

The research delves into the practical implementation of artificial intelligence (AI) 

applications, exemplified through Python programming and the spaCy natural language 

processing library. This serves as a valuable resource, especially for those venturing 

into AI-related fields. However, it's crucial to acknowledge the complexities of real-

world scenarios, often involving larger datasets, intricate models, and broader 

application scopes. Diligent optimization of these factors can significantly enhance 

application performance. Python's enduring dominance in scientific computing, data 

science, and machine learning, as highlighted by Raschka et al. (2020), underscores its 

role as a premier platform for high-level AI applications, bolstering both performance 

and productivity. The study's insights offer vital recommendations for researchers, 

trainers, and practitioners embarking on AI-driven disaster literacy curricula. 

Emphasized by Seren and Özcan (2021), comprehensive stakeholder discussions are 

pivotal for organizing AI-based training initiatives to maximize human benefit. The 

results of this study can be considered as a part of the study proposed by Karacaoğlu et 

al. (2024), which investigates the relationship between disaster response effectiveness 

and the education level of aid providers and examines the usability of digital curricula. 

Additionally, the study advocates for expanding research in AI's utilization within 

disaster education, advocating for broader datasets and exploration of diverse 

application domains and complex scenarios. These recommendations aim to guide the 

efficient development and implementation of AI-driven disaster literacy training 

initiatives. 

5 Conclusion 

In conclusion, this research highlights the significant potential of artificial intelligence 

(AI) applications in disaster literacy training, offering promising avenues for addressing 

challenges related to disaster preparedness and response efforts. Through text 

classification, question answering, and other AI-driven approaches, such as deep 

learning and crowdsourcing, valuable insights can be gleaned to enhance disaster 

response competence and improve educational outcomes. The study underscores the 

importance of leveraging AI technologies to achieve the Sustainable Development 

Goals outlined in the United Nations' 2030 Agenda, particularly in the context of 

addressing emergencies like the COVID-19 pandemic and climate change crises. By 

harnessing the power of AI, researchers, trainers, and practitioners can develop 

innovative solutions to mitigate the impact of disasters and promote resilience in 



 
 
 
 
 
 

 
 

 

m

ca

an

o

re

th

           41Artificial Intelligence Based Solutions in Disaster Literacy  

communities. Moreover, the research emphasizes the need for continuous optimization 

and refinement of AI models, considering factors such as hyperparameter tuning, data 

cleaning, and label consistency. Python remains a preferred language for implementing 

AI applications, providing a robust platform for scientific computing and machine 

learning tasks. Moving forward, it is imperative to expand research efforts in AI-based 

disaster education, incorporating larger datasets, exploring diverse application 

domains, and engaging stakeholders in comprehensive discussions. By doing so, we 

can unlock the full potential of AI in disaster literacy training and contribute to more 

effective disaster preparedness and response strategies, ultimately enhancing the 

resilience of communities worldwide. 

6 Recommendations 

Based on the findings of this research, the following recommendations are proposed to 

further advance the development and implementation of artificial intelligence (AI) in 

disaster literacy training: 

1. Encourage further research into AI-based disaster education, with a focus on 

exploring diverse application domains, including natural language processing, deep 

learning, and crowdsourcing. Invest in studies that examine the effectiveness of AI-

driven approaches in enhancing disaster response competence and educational 

outcomes. 

2. Emphasize the importance of utilizing larger and more diverse datasets to train AI 

odels effectively. Collaboration among researchers, practitioners, and organizations 

n facilitate data sharing and aggregation, enabling the development of more robust 

d generalizable AI solutions for disaster preparedness and response. 

3. Continuously optimize AI models by fine-tuning hyperparameters, conducting 

feature engineering, and leveraging pre-trained models. Employ techniques such as 

cross-validation and transfer learning to improve model accuracy, efficiency, and 

generalizability across different disaster scenarios. 

4. Prioritize data cleaning and preprocessing steps to ensure the quality and reliability 

f input data for AI models. Implement robust data cleaning techniques, such as 

moving noise, handling missing values, and standardizing data formats, to enhance 

e effectiveness of AI-based disaster education initiatives. 

5. Foster collaboration among stakeholders, including researchers, educators, 

policymakers, and community members, to co-create and implement AI-driven disaster 

literacy curricula. Engage stakeholders in comprehensive discussions to address ethical, 

social, and cultural considerations in the development and deployment of AI 

technologies. 
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6. Promote knowledge sharing and capacity building initiatives to empower 

practitioners and educators with the necessary skills and expertise to leverage AI 

technologies effectively. Offer curricula, workshops, and online resources to 

disseminate best practices and lessons learned in AI-based disaster education. 

7. Conduct rigorous evaluations and assessments to measure the impact and 

effectiveness of AI-based disaster literacy curricula. Utilize qualitative and quantitative 

metrics to assess learning outcomes, behavior change, and community resilience, and 

incorporate feedback mechanisms to iteratively improve programmatic interventions. 

8. Advocate for policy support and investment in AI research, development, and 

deployment in the field of disaster preparedness and response. Collaborate with 

policymakers and regulatory bodies to establish guidelines, standards, and frameworks 

for the ethical and responsible use of AI technologies in disaster education. 

By implementing these recommendations, stakeholders can harness the full potential of 

artificial intelligence to enhance disaster literacy, empower communities, and build 

resilience in the face of natural and man-made disasters. 
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