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Abstract

Developing crisis-related software applications is a key part of crisis man-

agement, but gathering comprehensive requirements for the application is a

challenge for requirements engineers, as incomplete requirements can lead

to applications lacking essential features. With the rise of social media, vast

amounts of public data are now available for extracting crisis-related data

to be used for feature specification. However, extracting key information

poses challenges. This study therefore introduces a framework for extracting

actionable requirements from social media, specifically analyzing crisis-

related tweets using fine-tuned machine learning models. The framework

identifies highly relevant tweets based on a taxonomy of sources of informa-

tion and the priority of tweets, then employs tools and techniques like word

clouds, emotion analysis, and topic modeling to reveal insights. We used a

2-2-step prompting approach with GPT-4o to extract requirements through

actionable tweets. In our study, 87 requirements were extracted from the

actionable information sources, reflecting the needs expressed during crises.

These requirements were then translated into potential features for a "Crisis

or Emergency Management" application. When compared with 32 existing

mobile apps, it shows a 75.6%match and identifies 34 unique features for

future development.
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Glossary

Term Definition
Actionable Information Information that includes a request or sugges-

tion prompting action, with the understanding
that what is considered actionable by somemay
be irrelevant to others.

Actionable Information
Source

Information sources with mean priority of 0.6 or
higher.

Actionable Tweet Tweet containing actionable information
through which an action can be derived.

BERT BERT is a transformer-based deep learning
model for NLP developed by Google.

Cosine Similarity Ametric used tomeasure the similarity between
two non-zero vectors.

Emotion Analysis Determining the emotion expressed in text such
as happiness, joy, neutral, anger, sadness, or fear.

Fine-tuning a Model Re-training of pre-trained models on more spe-
cific and focused textual data to perform effi-
ciently on domain-specific tasks. This retrained
model is referred to as a fine-tunedmodel, and
the process of retraining is knownas fine-tuning.

Large Language Models
(LLMs)

Advanced machine learning models trained
on large text data that are capable of general-
purpose language generation and various natu-
ral language processing tasks like classification,
summarization, and question/answering.
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Glossary

LDA LDA is one of the most widely used statistical
models for topic modeling. It analyzes word fre-
quency patterns within a text corpus to group
sections of the text into different topics.

Multi-class Classification A classification task that involves assigning one
label from more than two possible classes to
each unit of data is referred to asmulti-class clas-
sification.

Multi-label Classification A classification task that involves assigning mul-
tiple labels to each unit of data is referred to as
multi-label classification.

Natural Language Process-
ing (NLP)

A field of AI focused on enabling computers to
understand and process human language.

Prompting A way of interacting with a language model to
guide its output and achieve desired responses.

Requirements Elicitation A process of gathering, identifying, and un-
derstanding the needs, expectations, and con-
straints of stakeholders for a system or project.

Requirements Engineers Professionals who gather, analyze, and docu-
ment system requirements to ensure the final
product meets user and business needs.

Sentence-BERT Amodificationof BERTfine-tuned for producing
meaningful sentence embeddings.

Topic Modeling A task that involves discovering abstract top-
ics within a large collection of text by analyzing
word patterns and distributions.
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Chapter 1

Introduction

1.1 Introduction andMotivation

Software development is a process that involves conceptualizing, defining, de-

signing, coding, documenting, testing, and maintaining software, which originally

followed ad hoc. and unsystematic methods. To standardize this process, Software

Engineering (SE) alongwith SoftwareDevelopment Life Cycle (SDLC) (Khan (2023))

were introduced, defining phases that contribute to improved software planning,

cost efficiency, andmaintainability (Shah et al. (2016)). The requirements engineer-

ing (RE) phase of SDLC is the main focus of this work, i.e., gathering requirements

for the tools that are to be developed for crisis mitigation. The requirements-

gathering stage is important since mistakes made during this stage can result in

significant costs, delays, and rework especially if not identified until later in the

software development process (Chakraborty et al. (2012)).

Large-scale software development is complex and requires coordinated efforts

to meet user needs and project goals. Traditionally, requirements engineering

involved a small group, but now social networks allow input from diverse, global

users, improving the process and resulting in better software decisions (Khan et al.

1



1. Introduction

(2019)).

Crisis events, whether natural or caused by humans, require rapid responses to

mitigate the negative impacts they have on both individuals and society (Skoufias

(2003)). In the past, crisis information was gathered slowly, first by word of mouth

and later through traditional media (Murch (1971)). With the advent of nearly

instantaneous one-to-many communication in the form of electronic social media,

a new way of gathering information has become viable, where users use social

media for relevance, information seeking/sharing, and emotional venting/support

(Liu et al. (2011)). This information produced by socialmedia is hiddenwithin large

amounts of data. This data, therefore, has to be processed to elicit the information

that is relevant (San et al. (2020); Saroj and Pal (2020)).

For crisis management, software created for the crisis should depict the needs

shown by the people as they are experiencing it. Hence, transforming public opin-

ion and needs into requirements through which an action can be derived is im-

portant (Zagorecki et al. (2013); Bouzidi et al. (2021); Joutsijoki et al. (2023)). For

example, creating a software feature, providing a response to the people, and as-

sisting first responders’ decisions, etc., are termed as actionable requirements. A

study by Nayebi et al. (2017b) highlights a significant gap between the features

extracted from tweets and those implemented in wildfire mobile applications. This

gap reflects incomplete requirements considered during the development of these

apps.

This thesis builds upon prior work done byNayebi et al. (2017b), addressing the

challenge of identifying, analyzing, andmanaging user requirements from social

mediadata specifically for requirements engineers involved indevelopmentof crisis

software. We propose, implement, and evaluate a framework that transforms social

media data into useful information sources within the requirements engineering

domain, generating actionable requirements for crisis and emergencymanagement
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software development. While this study does not validate the truthfulness of the

data from social media and assumes that the data generated are valid, it aims to

support requirements engineers in identifying real-world needs through widely

used social platforms, extending the traditional requirements elicitation process

that typically informs the initial planning phases of software development. The

research presented in this thesis is performed by the author of this thesis.

1.2 Background

In the following subsections, the key concepts involved in using Twitter1 (now re-

named as X) data for identifying and analyzing public requirements and then using

the results when developing software for Emergency Management are presented

(Nayebi et al. (2017a, 2018)).

1.2.1 Twitter and Emergency Management

Twitter plays a crucial role in emergency management by enabling the extraction

of real-time information from large-scale public interactions during crises. For

instance, Cameron et al. (2012) demonstrates how Twitter can enhance situation

awareness by providing near-instantaneous updates on emergency situations, al-

lowing crisismanagers to analyzepublic sentiment andevent progression. Similarly,

Panagiotopoulos et al. (2016) highlights the platform’s utility in communicating

risks, noting that it facilitates two-way communication between authorities and

the public, while Martínez-Rojas et al. (2018) emphasizes Twitter’s role in analyzing

and managing emergency situations, making it indispensable for modern crisis

management strategies. Data mining techniques, as explored by Spielhofer et al.

(2016); San et al. (2020), further enhance Twitter’s effectiveness by filtering relevant
1https://x.com/
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content for emergency responders, enabling quicker and more informed decision-

making during disaster scenarios. Consequently, Twitter’s data proves invaluable

during the crisis since people use it to communicate, ask questions, collect, and

spread information (Imran et al. (2015)). This is particularly helpful when gathering

requirements for emergency management in general and emergency management

software in particular.

1.2.2 Analyzing Public Requirements Through Tweets

Utilizing social media for understanding public requirements may seem straight-

forward, however, the majority of tweets are inherently non-informative (Guzman

et al. (2016)). It’s, therefore, difficult to sift out tweets with informative content

from the vast volume of tweets (Ghafarian and Yazdi (2020)). To extract meaningful

insights, tweets need filtering, classification, and thorough analysis. Also, during

a crisis, there is generally a higher volume of tweets than normally seen, which

further elevates the challenge of locating relevant information (Imran et al. (2015)).

A review by Kruspe et al. (2021) explores research efforts during crisis events, of-

fering various datasets and tweet analysis methods. Additional studies involving

crowd-sourcing demonstrate that despite the complexity of the process, crowd-

sourced requirements can yield valuable results (Nayebi et al. (2017b); Kurtanović

andMaalej (2017); Williams andMahmoud (2017)).

1.2.3 Data Driven Requirements Engineering

Requirements engineering is a systematic and disciplined process within software

and systems engineering that involves collecting, organizing, communicating, and

managing the requirements for a system (Hersman and Fowler (2010)). The pri-

mary goal of requirements engineering is to ensure that a final systemmeets the
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needs and expectations of its stakeholders (Maalej et al. (2016)). However, it has

been clearly established that requirements can also originate from sources be-

yond stakeholders (Burnay (2016)). These external requirements can be difficult

to identify, especially in situations where traditional methods for gathering stake-

holders’ requirements may not suffice, such as when developing software for crisis

events. Engaging with stakeholders alonemay, in this case, not suffice for gathering

comprehensive requirements since the affected populations may not be able to

voice their needs in a comprehensive manner (Olteanu et al. (2015)). To truly un-

derstand the challenges faced by individuals affected by a crisis, we must directly

address their pain points. Conducting interviews and online surveys with victims

is a viable approach, but it is important to acknowledge that obtaining a complete

picture may be challenging due to potential resistance from sensitive populations

towards intrusive surveys (McNeeley (2012)). Another possible source is therefore

social media posts, where individuals express their activities and viewpoints (Jin

et al. (2014)). The challenge in using social media information is that social media

data is witnessing exponential growth. This means there is a formidable challenge

in the data-gathering process, necessitating substantial resources to sift through

and distinguish informative information from an ocean of non-essential content

(Williams andMahmoud (2017); Martí et al. (2019)). This renders the task of elic-

iting useful information from social media data next to impossible for humans.

Consequently, there arises a compelling need for a software system capable of

aggregating, processing, and analyzing vast social media datasets efficiently.

1.3 ProblemDefinition

The most common form of communication on Twitter is textual data. There are

over 500 Million tweets every day (LiveStats (2018)), making it a crucial tool during
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crises when conventional communicationmay be disrupted or insufficient. People

use Twitter to provide real-time updates, request help, and contact emergency

responders (Fauzi (2023)). Among the vast number of tweets, some contain valu-

able information for crisis managers, making tweet filtering an important area of

research (Gupta et al. (2012); Cameron et al. (2012); Terpstra et al. (2012)).

Kropczynski et al. (2018) defines a "golden tweet" as one containing actionable

information for emergency responders, addressing the fiveW’s (where, what, when,

who, why) and any weapons involved. The tweets so collected are deemed to be

actionable tweets (Kruspe et al. (2021)). Here, "Actionable" or "Actionability" in

crisis response is loosely defined by Zade et al. (2018) as "information containing a

request or a suggestion that a person should act on with the understanding that a

message considered actionable by somemay be irrelevant to others".

Tweet data, therefore, also presents researchers with the opportunity to help

them to understand the stakeholder needs during emergency that might be satis-

fied through implementing a software service or a software functional requirement

(Borges et al. (2018); Yang et al. (2024)). The gap between the features available

in crisis management applications and the needs of people in crisis stems from

inadequate requirements gathering (Nayebi et al. (2017b)). Using tweets, we can

extract information that represents the needs, requests, and opinions of the victims,

resulting in minimizing the gap in requirements elicitation (Borges et al. (2018)).

However, extracting requirements directly from tweets or comments for the devel-

opment of crisis software is not straightforward. It requires a framework that sifts

through the vast pool of tweets, discerning and translating the essential needs for a

project. This task is more intricate than it may seem. Since tweets lack a structured

format, posing a significant challenge in terms of processing, analysis, and decision

derivation (Stieglitz et al. (2018)).
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1.4 Research Questions

In this section, the research questions of this thesis are listed and discussed, and

for each research question, we provide the rationale and methods used to address

the question.

RQ1:What tweets are actionable for the first responders during a crisis? Towhat

degree are these tweets actionable? Is there any evidence that helps us understand

this relationship?

(Why and How?) Much of the existing research is focused on improving

decision-making for first responders, understanding which tweets are actionable,

and identifying the tools and techniques used to determine tweet actionability.

By reviewing these techniques, we aim to identify approaches for classifying ac-

tionable tweets, which will later support in designing methodology for identifying

actionable tweets for requirements engineers, who is the primary focus of this study.

To evaluate whether tweets contain actionable information, we conducted an em-

pirical study using the TREC Incident Streams (TREC-IS) dataset 2. We analyzed

the dataset’s attributes and compared our results with previous studies to validate

our findings. Detailed methods for this analysis are discussed in Section 4.1.

RQ2:What information sources and characteristics of actionable tweets during

mass emergencies can be leveraged to extract software requirements for crisis

management tools?

(Why and How?) One of the main challenges in developing software for crisis

management is the dynamic, evolving and often unclear nature of stakeholder

requirements. Due to logistical limitations, collecting these requirements directly

from those affected by each crisis is challenging. As an alternative, requirements

engineers can extract valuable insights from the numerous tweets generated during

crises, where individuals share their needs and frustrations. This study utilizes
2https://www.dcs.gla.ac.uk/~richardm/TREC_IS/
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available crisis datasets. However, they are not annotated with attributes that helps

requirements engineers to filter relevant information for software requirements.

To address this, we propose a requirements engineering (RE) taxonomy to map

crisis data to RE information sources through a detailed annotation process. The

data in the form of tweets is also annotated by priority based on their relevance

to requirements engineers, with high-priority tweets containing key information

through which an action could be derived. Using what has been learned from RQ1,

requirements engineers can subsequently select the highly relevant information

sources based on the software’s scope and extract actionable requirements using

prompt based large language model (LLM) that incorporates high-priority tweets.

The techniques for classifying actionable tweets and analyzing their characteristics

are discussed further in Section 4.2.

RQ3: How effectively can requirements be translated into software features,

and how do these features compare to those in existing crisis management apps?

(Why and How?) Once actionable requirements hsve been extracted from

tweets, the next step is translating them into software features suitable for crisis

management applications. This translation process poses challenges, as trans-

forming these high-level needs into concrete, implementable software features

requires substantial longer time and requires careful interpretation. Therefore, we

propose using a prompt based LLM to aid the conversion of requirements into im-

plementable features. By supplying the LLM with a set of actionable requirements,

we prompt it to generate corresponding software features, which are subsequently

evaluated against existing crisis management applications to validate the relevance

of the LLM’s outputs. The methodology for translating requirements and analyzing

them are further discussed in Section 4.3.
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1.5 Thesis Outline

The remainder of the thesis is organized as follows:

• Chapter 1: This chapter introduces the research presented in this thesis. It

briefly explains the motivation and key concepts and provides an overview

of the research questions.

• Chapter 2: This chapter presents a review of the background literature, cover-

ing related work and background information. It discusses the use of social

media, requirements engineering, emergency management, and data ac-

tionability in the initial sections. Later sections focus on data acquisition,

models, transformers, classification methods, and the use of LLMs.

• Chapter 3: This chapter outlines the steps taken to identify and select the

dataset for the study. It also provides information about the dataset used for

RQ1 and process of data annotation with brief overview of dataset for RQ2.

• Chapter 4: The chapter explains the step-by-step processes and analysis

techniques used to answer all research questions (RQs). It provides the

framework for classifying and extracting highly relevant tweets from the

dataset and identify actionable requirements using LLMs. Furthermore, the

approaches and steps taken to translate requirements into software features

and compare them with existing app features are described.

• Chapter 5: This chapter presents thefindings obtained from themethodology

used to address each RQ. It includes an analysis for each RQ, identifying the

optimal classification models and the requirements extracted using highly

relevant tweets. Additionally, the comparison between software features and

those in existing applications are provided.

• Chapter 6: This chapter discusses the findings of this study and their limita-

tions.
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• Chapter 7: This chapter contains the conclusion, summarizing the findings

presented in this thesis and providing recommendations for future work.
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Chapter 2

Related Works and Background

In our research, we have created a dataset, segregated the categories, trained ma-

chine learning models, and identified actionable tweets to extract requirements.

We have used public socialmedia data to identify actionable information to be used

by requirements engineers to develop crisis management software. This has in-

volved multiple research areas. This study is a combination of "use of social media

in emergency management", "requirements engineering (RE) using textual data",

"data actionability using social media", and "natural language processing (NLP) on

textual data". In this chapter, we look at previous studies that have addressed these

research areas and provided results. We also look closely at the research that has

been performed in the emergency management domain to understand the current

status of developments in this area.

2.1 Social Media in Emergency Management

Researchers have devoted considerable time to investigating different sources of

information for disaster management. Traditionally, the information has been

gathered from 911 centers, radio, media, external stakeholders, field command
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posts, disaster facilities, etc (Kotsiopoulos (2014)). Today, social media and web

tech have introduced newmodes of communication and broken down traditional

barriers to information sharing (Houston et al. (2014)). This represents a shift from

traditional official channels to public platforms, fundamentally transforming the

way individuals seek assistance and how responders access critical information

(Westbrook et al. (2014)). One of the areas where social media is being used is

in the management of emergency situations. This has necessitated the study of

themes like social media communication during disaster events, social media and

disaster preparedness, and social media employed during disaster recovery (Fauzi

(2023)). Social media use during emergencies and disasters can be categorized into

twomain classes. Firstly, social media can be employed passively for information

dissemination and gathering of user feedback through posts and polls. Secondly,

there’s a systematic use of social media as an emergency management tool, which

may involve conducting emergency communications, issuing warnings, receiv-

ing requests for assistance from victims, and monitoring user activities to build

situational awareness (Lindsay (2011); Imran et al. (2015)).

Social media platforms are used by various actors, ranging from ordinary resi-

dents, to local and international organizations, governments, and traditionalmedia

outlets. These platforms have emerged as the primary channels for disseminating

information, mapping and sending instant reports, organizing volunteers and help

groups, connecting with family members, and donation gathering (Mavrodieva

and Shaw (2021)). According to Chan (2013), there are four main functions of

social media: 1) information sharing; 2) planning and training; 3) collaborative

decision-making through crowdsourcing and analyzing information from different

social platforms; and 4) information collection, utilizing information and footage

shared by the public. Citizen journalism on social media platforms (Allan (2007))

plays a crucial role, serving as a vital source of information. Social media platforms
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have also emerged as indispensable tools for effectively disseminating this critical

information. Additionally, various emergency management entities, including law

enforcement agencies (Samantha (2018); Gleit (2017); Livingstone (2005)), civil

defence organizations (Banikalef et al. (2018)), country-level emergency manage-

ment leaders (Plotnick et al. (2015)), federal agencies such as the National Weather

Service (Olson et al. (2019)), fire departments/officials and Red Cross volunteers

(Lazreg et al. (2018)), and emergency medical services (Bergstrand and Stenmark

(2016)), utilize social media extensively to coordinate response efforts and dissemi-

nate vital updates.

Current research investigates effective methods of extracting and processing

data to enhance situational awareness (Basu et al. (2016); Snyder et al. (2019)) and

mitigate disaster impacts. Researchers aim to improve situational awareness by an-

alyzing geotagged disaster-related messages from extensive social media datasets

and employing advancedmachine-learning techniques to identify patterns and

make predictions. Social media posts can assist governments and agencies in

preparing for emergencies and taking proactive measures to minimize losses. An-

other potential application of social media in emergency management is commu-

nicating resource needs and availability, facilitating matching needs with available

resources (Young et al. (2020)). Most studies concentrate on response operations

(Reuter et al. (2018); Olteanu et al. (2015)) and recovery efforts (Tagliacozzo (2018)),

to aid and guide first responders (Dave et al. (2013); Snyder et al. (2019); McCreadie

et al. (2019, 2020); Mittal et al. (2021)) and emergency management personnel

(Kotsiopoulos (2014); Kropczynski et al. (2018)).
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2.2 Requirements Engineering in Emergency

Management

RequirementsEngineering (RE) establishes anddocuments requirements forprojects.

These requirements come fromstakeholders’ needs andexperienceduringaproject’s

inception. However, the type of stakeholders has changed over time, and the in-

ternet has become the data source for user opinions (Regnell et al. (2008)). From

the internet and social media, abundant data is generated. People feel comfortable

sharing their thoughts and posting their opinions on social media and different

web portals (Jin et al. (2014); Panagiotopoulos et al. (2016)). Textual content re-

mains one of the most widely used mediums for communication, making NLP for

information extraction a prominent area of research. Critical information, often

buried like a needle in a haystack amidst vast amounts of data, is generated daily

(Guzman et al. (2016)). If this information is extracted properly, it can be used

in a variety of areas (Williams and Mahmoud (2017)). Therefore, academia and

industry’s primary focus is to advance the tools and techniques that can retrieve

this information by eliminating noise (Batrinca and Treleaven (2015)).

Researchers have been using social network sites for requirements engineering.

Ali (2020) have synthesized manual and supervised classification techniques with

MLmodels such as Support Vector Machine, Naive Bayes, Latent Dirichlet Alloca-

tion, etc, which were used to extract user requirements. They noted that several RE

activities can be supported, with 62% of papers focusing on requirements elicita-

tion. Tools like OpenReq Analytics (Stanik andMaalej (2019)), MAPFEAT (Nayebi

et al. (2017b)),Winbook (Kukreja (2012)) are available to elicit and prioritize require-

ments. However, challenges such as opinion trustworthiness, data preprocessing,

classification, and interpretation are present when eliciting user requirements,

as found in a systematic literature review by Ali (2020). Emergencies often make
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gathering requirements in person difficult due to the urgency of the situation, scal-

ability of groups, lack of accessibility and reach of key stakeholders focused on

immediate crisis management. Scheuer et al. (2021) suggests a hybrid method of

gathering requirements in case of crisis. It involves gathering user requirements

through literature reviews, online surveys, questionnaires, and social networks.

This approach ensures that users’ needs are captured accurately, which can then be

translated into user requirements and further into system requirements with the

input of technology developers. In the research by Diirr et al. (2021), a systematic

mapping study, and open-source repository mining were conducted to explore the

typical software requirements for disaster management systems and how these

requirements are determined. The study focused on analyzing GitHub repositories

related to COVID-19 disaster management. Functional and non-functional require-

ments were examined and categorized into identified groups through systematic

mapping.

Basu et al. (2018) studied Twitter data to assess how to better coordinate relief

efforts bymatching the needs for resources with their availability during crises. The

author focused on two types of tweets: ‘Need-tweets’ which communicate specific

resource requirements, and ‘Availability-tweets’ which indicate the presence of

resources in affected areas or potential availability elsewhere. The main challenge

addressed was identifying the best way to match resource needs with availability.

The author tested various methods, including comparing common noun overlap,

local word2vec embeddings, Glove embeddings, paraphrase embeddings, and

crisis-specific embeddings. They found that the common noun overlap was most

effective for one dataset, while local word embeddings performed best for another

dataset. Interestingly, pre-trained word embeddings, including those trained on

crisis-related tweets, performed less effectively compared to other methods.

According to Borges et al. (2018), social media serve as a source of valuable
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information to support the elicitation of domain and system requirements, leading

to more complete and robust systems. The research tries to identify properties or

features of a particular domain using social networks. These features were used to

build a relevant domain model. Using keywords, the authors try to group related

features andmap them to requirements models.

Limited research performed by Rahman et al. (2023); Khurshid et al. (2022);

Borges et al. (2018); Nayebi et al. (2017b) has explored the use of social media data

generated during emergency management for identifying and confirming software

requirements using machine learning techniques during development. It is impor-

tant to gather requirements for the product based on real-life data to capture as

broad a range of situations as possible. Using past data to build a strong system

is vital. That’s why we are concentrating on using social media data, particularly

Twitter, and developing a method for sorting through abundance of data. We will

apply various techniques to find useful data that requirements engineers can use,

saving time and resources and avoiding sifting throughmillions of irrelevant tweets.

2.3 Data Actionability using Social Media

Social media is a source for large volumes of data. A huge percentage of data is

noise, but what remains might contain information (Agarwal and Yiliyasi (2010)).

A small percentage of this information has actionable information (Spasojevic and

Rao (2015); Kiatpanont et al. (2016);McCreadie et al. (2019, 2020); Bun (2021)). This

presents the challenge of filtering through the noise to find crucial information, and

it is particularly evident with the prevalent use of social media during mass crises.

According to Imran et al. (2015), most of the research is in the line of situation

awareness, and there is a need to go beyond it towards supporting decision-making.

There are multiple challenges involved in detecting any events, such as the tweets

16



2. Related Works and Background

being filled with mundane events, not having proper descriptions of the events

and inadequate spatial information. It is even more difficult to find actionable

information (Imran et al. (2013); Ghosh et al. (2017)). Kruspe et al. (2021) surveys

past studies that try to identify actionable tweets. They discuss the approaches and

challenges in retrieving the relevant information, they suggest the most efficient

way to detect actionable data is using machine learning approaches that can filter

through data and find informative information.

2.4 Data Acquisition

Data acquisition is one of the most essential parts of any research. Crisis software

should be developed tomeet the needs of people who have experienced it. It’s hard

to collect huge volumes of data using any conventional method. This could bring

bias in requirements from a particular group or event (Scheuer et al. (2021)). Social

media can help us in this case as there would be needs and inconveniences buried

inside the ocean of data produced (Williams andMahmoud (2017); Terpstra et al.

(2012)). Different approaches for gathering the datawere explored and implications

for each are discussed below. Data attributes and characteristics for the study were

carefully analyzed. This helped us decide on the correct approach to gather our

data.

2.4.1 Data Collection Method

There are different approaches to gathering data from Twitter: (1) Using Twitter

APIs for collecting data (Al Bashaireh et al. (2020)), (2) Using web-scrapers or third-

party tools to retrieve Tweets (Dongo et al. (2021)), and (3) Using publicly available

datasets (Kruspe et al. (2021)). In the past, many researchers relied on Twitter as the

first method to gather data (Gupta et al. (2012); Imran et al. (2016); Pourebrahim
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et al. (2019)). However, due to recent changes in Twitter’s rules (Platform (2024)),

it has becomemore difficult to access large amounts of old data. This has posed

challenges for researcherswhoneed to test their ideas andfind relevant information

(Terpstra et al. (2012); Snyder et al. (2019)).

Another approach is to search Twitter using specific keywords related to the re-

search topic. While this method can yield relevant data, it is often time-consuming

and tends to produce a significant amount of irrelevant information alongside

useful insights. Tools like Scrapy1, a Python-based web scraping framework, can

facilitate this process. However, Scrapy and similar tools face challenges such as

compatibility issues with certain web pages and throttling problems due to the

continuous influx of new data (Dongo et al. (2021)).

An alternative method involves using datasets already collected by organiza-

tions focused on emergency management research. Such datasets are typically

reliable and free frommany of the restrictions associated with direct Twitter data

collection. However, one limitation of this approach is that these datasets may not

always be sufficiently current for studies requiring real-time or near-real-time data

(Kruspe et al. (2021)).

Overall, relying on pre-collected data from reputable organizations appears to

be the most dependable option, as it mitigates the challenges of the other methods.

For this research, the primary focus is on the relevance of data tomajor crisis events

rather than the specific time frame in which the data was generated (Scheuer et al.

(2021)).
1https://scrapy.org/

18



2. Related Works and Background

2.5 NLP for Crisis Events Data

Different NLP techniques has been implemented to extract knowledge from textual

data during crisis events. One of the use cases is term extraction, like the use of

POS and NER in order to identify different parts of speech and classify named

entities into predefined categories. It helps to identify useful keywords in the text

like, Klein et al. (2013) study has extracted location and disaster using NLP, Olteanu

et al. (2014) uses NLP to extract the lexicons. Furthermore, most of the studies use

NLP techniques to identify and transform specific parts of texts, such as changing

words to lowercase and identifying HTML tags, URLs, hashtags, mentions, and

punctuations. Tabassum and Patil (2020) has synthesized these techniques as a

survey paper that emphasizes the importance of the efficient use of text processing

techniques along with information retrieval using feature extraction techniques of

NLP.

Other advanced use cases for NLP are tokenization, text classification, senti-

ment analysis, stemming and lemmatization, topic modeling, and text summa-

rization, as the data of our study are tweets in textual format. NLP techniques are

implemented to analyze, pre-process, classify and summarize the tweets.

These techniques are building blocks for the use of machine learning models

and for analyzing the textual features. Sentiment analysis further helps to under-

stand the user sentiment and analyze their views. Any form of weighing schema

like TF and TF-IDF will help to identify useful keywords from the text.

2.6 Transformers

Transformers are a groundbreaking type of neural network architecture proposed

and developed byGoogle in 2017 that has revolutionizedNatural Language Process-

ing (NLP) tasks. As explained in the original paper Vaswani et al. (2017) describing
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the technique:

“In this work, we propose the Transformer, a model architecture es-

chewing recurrence and instead relying entirely on an attentionmech-

anism to draw global dependencies between input and output. The

Transformer allows for significantlymore parallelization and can reach

a new state of the art in translation quality after being trained for as

little as twelve hours on eight P100 GPUs.”

Unlike traditional sequence-based models, transformers process entire se-

quences of data simultaneously, enabling the capture of complex relationships and

dependencies within the input data more effectively. Transformers are sequential

neural networks that utilize an encoder-decoder architecture. They incorporate

Recurrent Neural Networks (RNNs) to implement the attention mechanism across

the input sequence. This is achieved through self-attention mechanisms, which

allow the model to weigh the importance of different parts of the input sequence

whenmaking predictions.

Following their introduction in the paper by Vaswani et al. (2017), transformers

have become the backbone of many state-of-the-art NLPmodels, including Bidi-

rectional Encoder Representations from Transformers (BERT) (Devlin et al. (2019)),

Generative Pre-trained Transformer (GPT) (Radford and Narasimhan (2018)), and

Text-To-Text Transfer Transformer (T5) (Raffel et al. (2020)). These transformer-

based models have achieved remarkable performance across a wide range of NLP

tasks, including language understanding, translation, text generation, and senti-

ment analysis.

Transformers have several advantages over previous architectures, including

their ability to capture long-range dependencies, their ability to process data in

parallel, and their scalability, which enables the handling of large datasets. They
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have played a significant role in advancing the capabilities of NLP systems, and re-

search on transformers continues to be an active area of research and development

in the field of NLP. A typical transformer architecture is shown in Figure 2.1.

Figure 2.1: The Transformer - Model Architecture (Vaswani et al. (2017))

The encoder block, shown on the left side of Figure 2.1, analyzes and represents

an input sequence of words to help the model understand it. It takes this sequence

as input and groups similar words together. Then, it converts these words into

numbers, creating a multi-dimensional vector space to represent the text using

the embedding layer of the model. The self-attention mechanism, also known
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as multi-head attention, helps the model decide how important each part of the

input sequence is by calculating the dot product of embeddings. This mechanism

evaluates the relevance of each word in the sentence compared to its neighbouring

words. As described by the original paper Vaswani et al. (2017) and shown in Figure

2.2, the multi-head attention component calculates attention weights for all words

in a sentence, considering their importance in the sentence’s structure. Finally, it

combines these attention vectors to create a final 3-dimensional vector.

Figure 2.2: Multi-Head Attention (Vaswani et al. (2017))

TheDecoder block, located on the right side of Figure 2.1, is taskedwith produc-

ing the target sequence based on the Encoder block’s output, taking into account

previous training. It receives the hidden states from the encoder and the previously

generated output tokens as input, using them to predict the next output token.

For example, if the task is to caption an image provided, the image is processed by

the Encoder, and the resulting caption sequence is then handled by the Decoder

during training. In theDecoder block, eachword in the output sequence undergoes
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masking in the MaskedMulti-Head Attention section. This masking ensures that

only relevant information is used when predicting the next word. The Decoder

block is trained by estimating the probability of the next word which will replace

the masked word, It can subsequently generate the output sequence in the target

language by masking and calculating the probability of each word’s position in the

resulting sequence.

The transformer encoder-decoder architecture is now widely used for natural

language processing tasks such as language translation (Ma et al. (2021), text sum-

marization (Liu and Lapata (2019); Feng et al. (2018)), language modeling (Woods

and Rana (2023); Irie et al. (2019)), and more.

2.7 BERT

BERT (Bidirectional Encoder Representations from Transformers) is a pre-trained

natural language processing model developed by Google (Devlin et al. (2019)). It

utilizes a transformer architecture, which allows it to consider the bi-directional

context of words by processing the text both left-to-right and right-to-left. Google

continues to utilize BERT in Google search queries to enhance understanding of

context and deliver the most relevant search results. What sets BERT apart from

other tools and what has garnered its popularity among researchers in general is

its bidirectional nature and open-source availability.

In contrast to BERT, other language models like Generative Pre-trained Trans-

former (OpenAI GPT) (Radford and Narasimhan (2018)) rely on a unidirectional

approach, and it is also not publicly accessible. Unidirectional models learn lan-

guage by processing it in one direction only, either reading the text from left to right

or right to left. Each word focuses only on the words that came before or after it.

However, this approach is limited because it is hard to design these models such
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Figure 2.3: ArchitectureDiagramof Pre-training andFine-tuning Procedures
for BERT (Devlin et al. (2019))

that they can be pre-trained.

BERT operates within a two-step framework consisting first of a pre-training

step and then a second step for fine-tuning. In Figure 2.3, both steps for an answer-

ing task are shown. In the pre-training phase, themodel learns from unlabeled data

across various pre-defined tasks. This pre-training procedure closely aligns with

established practices in language model pre-training, drawing from the existing

literature. The pre-training corpus includes the BooksCorpus (800Mwords) (Zhu

et al. (2015)) and English Wikipedia (2,500M words). BERT is pre-trained from this

corpus with two unsupervised tasks, namelyMasked LM and Next Sentence Predic-

tion (NSP). In the Masked LM task, the model masks some percentage of input at

random to predict missing words within sentences, facilitating the comprehension

of word correlations within their contexts. The study mentions the masking of

15% of words at random for pre-training purposes. However, for comprehensive

language understanding necessary for inter-sentence tasks like Question Answer-

ing (QA) and Natural Language Inference (NLI), the model must grasp sentence

contexts and their relationships. To address this requirement, the model under-

goes training via the Next Sentence Prediction method. In this task, BERT tries to

predict whether a given sentence follows another, thereby enhancing the model’s
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understanding of sentence structures and relations.

Subsequently, during fine-tuning, BERT initializes with pre-trained parameters,

adjusting all parameters based on labeled data specific to downstream tasks. The

fine-tuning stage aims to prepare the model for task-specific responsibilities, such

as paraphrasing, text classification and question answering (sentence pairing).

During this phase, only the specific input and output for each specific task are

provided, and all the parameters will be updated end-to-end. Even though there is

a cost to accomplish the initial pre-training, the fine-tuning process is relatively

computationally efficient (Devlin et al. (2019)).

2.8 Automated Classification of Tweets

Classification is a fundamental task in machine learning and data mining, where

the goal is to assign predefined categories or labels to input data based on their

features. As tweets are textual data, we would be building a model that learns, i.e.

classifies textual features and contexts within the data to make predictions.

In classification tasks, the input data is typically represented as a set of features

or attributes, and each instance belongs to one of a finite number of classes or

categories. The process of classification involves preprocessing, indexing, feature

selection, and training a classifier using labeled training data, where each instance

is associated with a known class label (Korde (2012)). The classifier learns from this

training data to generalize andmake accurate predictions on unseen data.

2.8.1 Text-based Machine Learning Approaches

Multiple studies have explored various machine-learning approaches for orga-

nizing social media data during crises. Several studies (Vetulani and Marciniak

(2009); Basu et al. (2016); Kaczynski et al. (2016); Cameron et al. (2012); Reynard and
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Shirgaokar (2019); Tarasconi et al. (2017); Wang and Chen (2019)) employed NLP

techniques to preprocess, extract, and summarize information from textual data.

Machine learning methods such as Naive Bayes (NB), Linear Regression (LR), Deci-

sion Trees (DT), Extreme Gradient Boosting (XGB), Support Vector Machine (SVM),

Random Forest (RF), K-means, etc have been used to classify if a tweet belongs to a

particular class of catastrophe or not Raguram et al. (2023), different types of crisis

stages Manimegalai et al. (2023), relatedness to a crisis Dwarakanath et al. (2023),

type of disaster Purushotham et al. (2022), evaluating human action during the

crisis Okpala et al. (2022), and availability or need for general or medical resources

Bhoi et al. (2022). Most of these techniques require pre-processing, and feature

extraction techniques are applied to extract features that can be used alongside

vectors generated from text.

2.8.2 Deep Learning Approaches

Deep learning techniques have been instrumental in crisis-related text classifica-

tion tasks. Neural Network models, like Convolutional Neural Networks (CNNs),

have been employed for topic classification tasks based on tweets originating from

distinct geographical locations (Shams et al. (2019)). CNNhas yieldedF1-scores (for

the definition of F1-score see 4.2.4) around 0.8, demonstrating notable superiority

over traditional methods such as SVM and LR. In a study conducted by Shams et al.

(2019), CNNs alongside Long Short-TermMemory (LSTM)modelswere used for the

classification of tweets related to disasters. Notably, the implementation of CNN

with Word2vec as the embedding method emerged as the most effective model,

achieving an accuracy (for the definition of accuracy see 4.2.4) rate of 68.44% when

comparing different deep learning models and embedding methods.

Moreover, there has been a significant surge in the utilization of Language

Models such as BERT and its variants. This is primarily attributed to the ability
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of such to reveal the contextual intricacies of textual data. For example, when

employingBERT in conjunctionwith other text-basedmachine learning algorithms,

Blomeier et al. (2024) found that BERT consistently outperformed its counterparts,

achieving both F1 scores and an accuracy of 0.71. In Duraisamy and Natarajan

(2024), an attemptwasmade to evaluate the effectiveness of BERT, LSTM, andGated

Recurrent Unit (GRU) models in classifying tweets associated with disasters. The

findings of the study revealed that BERT exhibited enhanced predictive capabilities

compared to alternative models. Zou et al. (2023) is another research group that

used BERT-based few-shot learning to classify text in a semi-supervised manner.

They found that this method works best when there is only a limited number of

annotated data for training.

2.9 Use of Large Language Model

Large Language Models(LLM) (Brown et al. (2020); OpenAI (2024); Touvron et al.

(2023)) are advanced machine learning systems developed to address complex

language tasks such as translation, summarization, information retrieval, and

conversational interactions. These sophisticated AI systems are trained on vast

amounts of textual data, enabling them to understand andproduce human-like text

across a wide range of applications. These models have improved the capabilities

of systems to understand and generate human-like language. The breakthrough in

LLMs came with the introduction of the Transformer architecture to process and

generate coherent and contextually relevant language using attention (Vaswani

et al. (2017)).

LLMs work on the same architecture as a transformer, which consists of an

encoder and decoder. Using this helps themodel analyze the relationships and cap-

ture a better understanding of context. There has been a variety of applications for
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LLMs, like chatbots, AI assistants, content generation, and specialized healthcare

and finance. Hadi et al. (2023) highlights the transformative impact of LLMs across

various sectors, such as medicine, education, finance, and engineering, where they

enhance text generation, decision-making, and workflow efficiency. However, the

author also addresses key challenges, including ethical concerns, potential biases,

and the high computational demands of LLMs. The paper presents limitations such

as repetitive or inaccurate outputs and the "black-box" nature of these models.

Naveed et al. (2024) discusses key aspects such as tokenization, encoding, atten-

tion mechanisms, andmodel architecture. The study explores various prompting

techniques, including zero-shot, few-shot, and chain-of-thought reasoning. The

authors highlight the rapid advancements in LLM research and provide guidelines

for the effective use of LLMs.

LLMs have revolutionized the way to automate the RE tasks and the quality

that can be achieved. LLMs are particularly helpful because they do not require

extensive datasets to train. RE researchers can utilize these LLMs with small to fine-

tunedmodels to adapt to certain domains (Vogelsang and Fischbach (2024)). There

are different general-purpose LLMs available currently. This is specifically helpful

to uncover hidden knowledge in text. Some recent examples of these LLMs are

GPT-4 (Generative Pre-trained Transformer 4) models by OpenAI (OpenAI (2024)),

Geminimodels fromGoogle (Team (2024a)), LLaMa 3 fromMeta AI (Team (2024b)),

Claude by Anthropic (Enis and Hopkins (2024)), and many more.

2.9.1 GPT

GPT stands for Generative Pre-trained Transformer, which is a type of AI language

model developed by OpenAI. The original GPT model, introduced by Radford

and Narasimhan (2018), leveraged unsupervised pre-training on a vast amount

of text, followed by supervised fine-tuning on specific tasks. It also utilized the
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Figure 2.4: Visual illustration of input transformations in GPT: (left) Trans-
former architecture and training objectives used. (right) Input transforma-
tions for fine-tuning on different tasks (Radford and Narasimhan (2018)).

transformer architecture and attentionmechanisms to process and generate text in

a highly coherent and contextually relevantmanner. GPT simplifies the architecture

by substituting encoder-decoder blocks with decode blocks. Figure 2.4 shows

a visual illustration of input transformations in GPT. The pre-training process

involves predicting the next word in a sequence given the previous words, a task

known as language modeling. This pre-training process enables the model to learn

representations of natural language that can be fine-tuned for specific downstream

tasks (Hou and Ji (2023)). The approach allowed GPT to outperform previous

models on various NLP benchmarks, demonstrating the effectiveness of large-scale

pre-training for language understanding. Yenduri et al. (2024) synthesizes the

working process, training procedures, enabling technologies, and its impact on

various applications.

The GPT has evolved over time, and its subsequent iterations, such as GPT-2,

GPT-3, and currently GPT-4, are in use. As the field continues to evolve, GPTmodels

stand as a cornerstone of modern NLP, pushing the boundaries of what AI can

achieve in language processing.
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2.9.2 Prompt Engineering

Prompting refers to the technique used to guide or interact with LLMs to get a

desired response from them. The act of designing and wording these prompts

is called "Prompt Engineering." A prompt is a text or query that is provided to

the model to generate a response based on its knowledge. It involves crafting

specific instructions or queries that help the AI understand and respond to a given

task or question. The quality and relevance of the model’s output depend heavily

on how well the prompt is crafted. A prompt might contain any of the following

elements like Instruction, Context, Input Data, and Output Indicator (Vogelsang

and Fischbach (2024)).

Prompting Techniques and Approaches

There are various prompting techniques and approaches employed within the

domain of LLMs. Fagbohun et al. (2024) has systematically organized and stated

these techniques in their study. There are two attributes that come into play: the

structure of prompts and the strategy of prompting. Once a prompt starts to be-

come complex, a structuredway to present the information to themodel is required.

The study by Teo (2023) that inspired the work of Bsharat et al. (2024) suggests a

framework that is easy to understand and provides enough information to a model

for optimum response. The framework is known as CO-STAR. In this framework, a

set of guidelines is provided that state that the prompt could include sections like

context, objective, style, tone, audience, and response. Combining these frame-

workswith some of the prompting strategies enables us to break a complex task into

simpler forms and also get the desired output. Some of the most used strategies

include:

• Zero-Shot Prompting (Li (2023)): This involves asking the AI to perform a
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task without providing any examples or prior context. It tests the model’s

ability to understand and execute instructions based solely on its pre-trained

knowledge.

• Few-Shot Prompting (Bahrami et al. (2023)): The model is provided with a

few examples or context before being asked to perform a task. This helps the

model better understand the desired format or style of the response.

• Chain-of-thought prompting (Wei et al. (2023)): The model is encouraged

to generate intermediate reasoning steps or explanations before arriving

at a final answer. This helps to improve the accuracy and coherence of the

response.

Self-Check Prompting

Despite their advancements, LLMs often generate confidently stated yet incorrect

information, commonly known as hallucinations (Maynez et al. (2020)). Verifying

the accuracy of the output generated by an LLM remains challenging, with few

available tools to assist in this task. Manakul et al. (2023) introduced SelfCheck-

GPT, the first zero-resource solution for detecting hallucinations. This method

validates LLM responses by comparing multiple sampled outputs and assessing

their consistency. The paper suggests one approach to validate an LLM’s response

by using a prompt-basedmethod, which has recently proven effective in evaluating

the consistency of information between a document and its summary in zero-shot

scenarios (Luo et al. (2023)). The prompt structure is as follows:

Context : { }

Sentence: { }

Is the sentence supported by the context above?

Answer Yes or No:
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2.9.3 Temperature Parameter

Temperature (denoted by t) is a hyperparameter in stochastic models that controls

the level of randomness in the sampling process (Ackley et al. (1985)). It controls

the randomness of the model’s output at inference time (Wang et al. (2020, 2023)).

The temperature parameter adjusts the shape of the probability distribution by

redistributing the output probability mass. It flattens the distribution in proportion

to the selected temperature value. When t>1, higher probabilities are reducedwhile

lower probabilities are increased, whereas for t<1, the opposite occurs. Higher

temperature values lead to increased entropy and perplexity, introducing more

randomness and uncertainty into the generative process. Typically, t values range

from 0 to 2, with t=0 effectively enabling greedy sampling, where the token with

the highest probability is always selected (Peeperkorn et al. (2024)).

A lower temperaturemakes the output of a languagemodel more deterministic,

favoring the most likely predictions and producing repetitive, focused, and less

diverseoutputsbasedoncommonpatterns in the trainingdata. In contrast, ahigher

temperature increases randomness, encouraging more “creative” predictions by

exploring unconventional and less likely outputs (Wang et al. (2020, 2023); Renze

andGuven (2024)). This can result in novel text, diverse ideas, and creative solutions

to problems.

2.10 Research Gaps

Despite significant advancements in improving emergency management through

social media data, several gaps remain in the extraction of actionable requirements

(Borges et al. (2018); McCreadie et al. (2019); Nayebi et al. (2017b); Khurshid et al.

(2022); Rahman et al. (2023)). Previous studies have extensively explored either

the requirements engineering process or the use of machine learning algorithms
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to assist in crisis events, focusing on aspects such as situational awareness (Basu

et al. (2016); Snyder et al. (2019)) and text-based requirement extraction (Basu et al.

(2018); Bhoi et al. (2022)). However, limited attention has been given to extract-

ing requirements for development of software, specifically during crisis situations.

Moreover, gathering inclusive requirements as part of the requirements elicitation

process is essential for planning and developing any system or software, leaving

considerable gaps in utilizing social media data to extract crisis management re-

quirements.

This research aims to address these gaps by:

• Creating a taxonomy to filter data and capture essential insights by sources

of information for requirements engineers.

• Designing and developing a framework to identify relevant information that

is important to requirements engineers for requirements extraction.

• Employing advanced data analysis techniques to extract insights, emotions,

and topics of discussion to assist in communication and decision-making

processes.

• Developingmethods to extract actionable requirements from highly relevant

tweets and using these to create software features.

In doing so, this study addresses existing gaps and proposes a framework for

using social media data to filter relevant tweets for requirement extraction. This

thesis provides a deeper understanding of how to design such datasets, use fine-

tuned machine learning models to classify tweets (reducing the human effort

required to identify highly relevant content from the vast amount of data generated

daily) and apply LLMs to extract requirements and translate them into actionable

software features. The proposed approach contributes to a more comprehensive

understanding of how NLP tools and techniques can be leveraged during crisis

events through social media data utilization.
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Chapter 3

Empirical Data

Following the agenda for data driven requirements engineering (Maalej et al. (2016,

2019); Nayebi (2018)) and to empirically answer Research Questions (RQ1-RQ3),

large datasets were gathered and explored.

The data collection is therefore the first critical step of a study which was in-

vestigated with respect to various attributes which are further detailed in Section

2.4.

3.1 Identifying the Dataset

There are prominent datasets of tweets that are gathered during major crisis events

and are widely used in literature (Kruspe et al. (2021)). As part of this study a search

for crisis-related relevant datasets that are available was performed which resulted

in a list of databases. Table 3.1 provides an overview of the available datasets,

including their links and descriptions.
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Table 3.1: Overview of Available Crisis-Related Twitter Datasets.
Name Link No. of

labeled
tweets

Total no. of
tweets

Description

CrisisLexT26
(Olteanu et al.
(2015))

URL ∼ 28K ∼ 250K This dataset contains tweets from
26major crisis events in 2012 and
2013, tweets per event are labeled
for informativeness, information
type, and source.

CrisisNLP
(Imran et al.
(2016))

URL ∼ 50K ∼ 52 million This dataset contains 19 natural
and human-induced disasters, in-
cluding tweet IDs, human-labeled
tweets of the events.

CrisisMMD
(Alam et al.
(2018))

URL ∼ 16K ∼ 14 million This is a multimodal Twitter
dataset contains thousands of
manually annotated tweets and
images from seven major natural
disasters in 2017, including earth-
quakes, hurricanes, wildfires, and
floods.

Disaster
Tweet Corpus
(DTC)
(Wiegmann
et al. (2020))

URL ∼ 150K ∼ 5.1 million This dataset contains tweets from
48 disasters across 10 types, with
human annotations indicating
whether a tweet is disaster-related.

TREC-IS 2019
(McCreadie
et al. (2020))

URL ∼ 17K ∼ 35K This includes Twitter datasets
from various past events, includ-
ing natural and human-induced
disasters. Human annotators have
labeled tweets from 122 emer-
gency events into 25 information
types and assigned ’priority’ labels
indicating the tweet’s importance
for response officers.

3.2 Dataset Characteristics

Among the identified datasets, TREC-IS dataset was used for the purpose of answer-

ing the RQs in this study. TREC-IS 2019 (McCreadie et al. (2020)) dataset consists

of tweets from six natural and man-made events: wildfires, earthquakes, floods,

typhoons/hurricanes, bombings, and shootings. The dataset was created by gather-

ing and filtering self-crawled tweets that were annotated as relevant for crisis events.

Furthermore, the study mentions that the tweets were further labeled in terms of
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Table 3.2: Annotation Criteria Used and Their Corresponding Labels for
TREC-IS Dataset (McCreadie et al. (2020))
Annotation Criteria Labels
High-Level Information Type Request-GoodsServices, Request-

SearchAndRescue, Request-InformationWanted,
CallToAction-Volunteer, CallToAction-
Donations, CallToAction-MovePeople,
Report-FirstPartyObservation, Report-
ThirdPartyObservation, Report-Weather, Report-
EmergingThreats, Report-MultimediaShare,
Report-ServiceAvailable, Report-Factoid, Report-
Official, Report-CleanUp, Report-Hashtags, Report-
News, Report-NewSubEvent, Report-Location,
Other-Advice, Other-Sentiment, Other-Discussion,
Other-Irrelevant, Other-ContextualInformation,
Other-OriginalEvent

Criticality Critical, High, Low, Medium

information-type (high level categorization by information provided/contained

(Truelove et al. (2014))) and criticality (ability to identify key information for emer-

gency responderofficer), as detailed inTable 3.2. Theontologyused for information-

type is also provided as a visualization1. Apart from these, tweets containsmetadata

such as event type, year of event, hashtags used, and details of accessor. According

to the author, the dataset was labeled by NIST-hired assessors, resulting in 17,700

tweets in 2019 dataset.

According to McCreadie et al. (2019), a tweet is considered as a post, and the

information type assigned to a post indicates the ‘feed’ to which the post belongs,

and the criticality score identifies posts that need to be shown to an emergency

officer immediately as an alert. Higher criticality scores (Critical and High) indicate

that the post contains more important information, also known as actionable

information.
1http://trecis.org/WebVOWL/#trecis
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3.3 RQ1: Analyzing Actionable Tweets for First

Responders During Crises

To identify actionable tweets for first responders, a dataset labeled with tweets

specific to first responders’ needs is essential. The TREC-IS 2019 dataset forms

the basis of this study. A table displaying the distribution by event type with a link

to the dataset is presented in Table 3.3. The dataset consists of a total of 17,639

tweets, with attributes such as information types, priority, year of event, event type,

hashtags used, and details of accessor. This dataset will be used to analyze the

distribution of actionable tweets, providing insights into how these tweets can be

categorized based on various attributes.

Table 3.3: Dataset Used from TREC-IS to Analyze Actionable Tweets for
First Responders During Crisis Distributed by Event Name, Event Type, And
Number of Tweets.

Event Name Event Type # of Tweets
2013 Bohol Earthquake earthquake 583
2014 California Earthquake earthquake 127
2016 Fort McMurray Wildfire wildfire 2,500
2017 Dallas Shooting shooting 2,500
2018 Florence Hurricane typhoon 1,999
2019 Alberta Wildfires wildfire 2,341
2019 Cyclone Kenneth typhoon 2,073
2019 Choco Flood flood 389
2019 Durban Easter floods flood 1,346
2019 Luzon earthquake earthquake 1,998
2019 Poway synagogue shooting shooting 636
2019 STEM School Highlands Ranch
shooting

shooting 1,147
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3.4 RQ2: Extracting Requirements from

Actionable Tweets for Requirements

Engineers

This section discusses the dataset used for identifying tweets containing actionable

information for requirements engineers. Since, the dataset retrieved from TREC-

IS was not tailored to the needs of requirements engineers, it creates necessity

of subject-specific annotation. The annotation process, which adds attributes

relevant to requirements engineers, is described in Section 3.4.1.

3.4.1 Data Annotation

Data annotation is important since it may increase the quality and usefulness

of the data. Through annotation, data is enriched with relevant labels or tags,

transforming it into valuable training material for machine learning algorithms

and analysis. Annotation requires hand labeling of data by humans with domain

knowledge. This process requires skilled individuals and it is labor-intensive.

This research, mainly RQ2, focuses on the extraction of requirements for re-

quirements engineers. To answer RQ2, annotations that help classify tweets to

different information sources that are relevant to requirements engineers were

required. Next, to identify actionable tweets, an annotated dataset prioritizing

tweets that contain valuable information were required from which requirements

engineers could derive actions. Hence, two labels, information source of tweets and

priority of tweets for requirements engineers were added. A detailed information

on the annotation process is described in sub-section 3.4.2 and 3.4.3.

In order to annotate the data, a cluster of data from the TREC-IS 2019 dataset

was selected. This was done due to the limited time and resources in hand for the
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Table 3.4: Distribution of The Selected Dataset Across Different Event Types
For Annotation Purpose.

Event Name Event Type # of Tweets
2013 Bohol Earthquake earthquake 53
2014 California Earthquake earthquake 12
2016 Fort McMurray Wildfire wildfire 151
2017 Dallas Shooting shooting 230
2018 Florence Hurricane typhoon 206
2019 Alberta Wildfires wildfire 113
2019 Cyclone Kenneth typhoon 163
2019 Choco Flood flood 6
2019 Durban Easter floods flood 97
2019 Luzon earthquake earthquake 168
2019 Poway synagogue shooting shooting 10
2019 STEM School Highlands Ranch
shooting

shooting 17

annotation process. Around 1200 tweets were aimed to be annotated for analysis,

and automatic classification purpose. As there were 25 information types in the

TREC-IS 2019 dataset, 50 tweets were picked randomly from each information

type to achieve a distributed form of dataset that reflects all types of information.

However, one of the information type contained only 26 tweets. This resulted in

1,226 number of tweets spread over 12 crisis events. The detailed overview of the

dataset selected for annotation across different event types is presented in the Table

3.4.

3.4.2 Annotation by Sources of Information

Inorder to annotatedataby information sourceasneeded forRQ2, awell-established

taxonomy from the requirements engineering domain was used. We chose tomove

forward with the Taxonomy of Elicitation Information Sources (TELIS) (Burnay

(2016)), which investigates the sources of information in an organization relevant to

requirements engineers was selected. TELIS is a well-proven taxonomy for eliciting

information sources and has been used in various projects.
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While TELIS was originally created for identifying software requirements in a

company, it can with some modifications be useful for clustering tweets during

crisis events by information source. Given that the sources of information are simi-

lar, crisis tweets can be categorized into sub-categories within TELIS. The TELIS

categories and sub-categories were therefore used with minimal changes. Some

updates included renaming two sub-categories: "Corporate Settings" was changed

to "Social Settings," and "Corporate Strategy" was changed to "Social Strategy" to

better align with crisis terminologies. Also, while labeling it was noted that this

taxonomy would be used to label tweets which had crisis information. A general

connector "→" was used to link between the category and sub-category of informa-

tion sources as notation for simplicity. For example, Finance sub-category under

Activities was denoted as "Activities → Finance". The updated TELIS taxonomy

used for annotation is presented in Figure 3.1.

For the annotation process three annotators were involved, two of which were

involved in labeling the data, and the third annotator was used to resolve any

conflicts. All of the annotators are researcher in requirements engineering domain

with at least 2+ years of industrial experience. They have been trained in the context

of the study to understand the context, expectations, taxonomy, and details on

each sources. The annotation process was performed using separate Google Sheets

per annotator. The tweets were annotated according to 5 main categories and 17

sub-categories of TELIS as shown in Figure 3.1. Each tweet had to be assigned to

one of these sub-categories or labeled as "none". Initially, two of the annotators

were instructed to label the tweets with the single sub-category that made the

most sense to them. This approach provided a focused way to analyze the data by

matching each tweet to a specific sub-categories. However, it sometimes lead to

disagreements and possible misrepresentation of the data with improper labels. To

address this, the third annotator was instructed to merge the annotations from the
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Figure 3.1: Tweaked TELIS Taxonomy Used for Annotation Process (Burnay
(2016))

two annotators so that conflicts were resolved where possible. In cases where one

of the labels made more sense, the most relevant label was used. For cases where

both annotations were valid, a multi-label annotation was created. This allowed

each tweet to be mapped to two sub-categories if they had significant overlap. The
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result was a labeled dataset for requirements engineers based on TELIS information

sources.

All of the 1,226 tweets were labeled with one of these categories or as none

resulting in 1,213 tweets labeled to at least one sub-category and 13 tweets were

labeled as none. The 13 tweets labeled as none lacked enough context to be catego-

rized. 337 tweetsweremulti-labeled, i.e. these tweets belonged to two classes. Table

3.5 shows the distribution of tweets by TELIS categories and sub-categories after

annotationprocess. As a single tweet could have been labeled to two sub-categories,

it has been expanded to capture the distribution by each sub-categories.

Table 3.5: Result of Distribution of Tweets Over TELIS Categories and Sub-
Categories After Annotation

Main Source Sub Source # of Tweets

Activities Finance 68
Process 57

Infrastructure

IT Artifacts 10
Public Artifacts 140
Private Artifacts [Future] 1
Private Artifacts [Present] 87

Vision Value Proposition 13
Social Strategy 54
Social Settings 6

Environment Community 46
Market 45
Competition Watch 0
Surroundings 198

People Experience 276
Practice 63
Internal Actor 313
External Actor 173

3.4.3 Annotation by Priority

To understand the importance of tweets for requirements engineers, their priority

had to be determined. The previously selected relevant 1,213 tweets were therefore
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re-annotated based on priority, focusing on the key information requirements

engineers could extract or form a requirement. This prioritization helps identify

clusters of high-priority tweets among lower and irrelevant ones.

Figure 3.2: Screenshot of The Survey Used for Priority Data Annotation.

Table 3.6: Result of the Distribution of Tweets Over Priority Labels After
Annotation.

Priority Label # of Tweets
0 - Irrelevant 458
1 - Low 194
2 - Low to Medium 241
3 - Low to High 172
4 - Highly Relevant and Important 115

To annotate the data based on priority, students enrolled in a requirements

engineering course at York University, Toronto, Canada2 participated in the anno-

tation process. These students received detailed instructions and context before
2https://www.yorku.ca/
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beginning their work. Each student completed two surveys with unique sets of

tweets to ensure diverse data coverage. A survey form was developed, featuring

25 tweets in each survey and using a five-point scale to assess priority. Figure 3.2

shows a screenshot of the survey for one of the tweets. The scale ranged from 0 to

4: 0 being Irrelevant, 1 being Low, 2 being Low to Medium, 3 being Low to High,

and 4 being Highly Relevant and Important. Each tweet was annotated twice by

different students, and those withmatching labels were automatically selected. For

tweets with discrepancies in labels, a Master’s student researcher at the University

of Calgary, Calgary, Canada3 resolved them by considering both the pre-assigned

labels and the tweet’s content.

The result of the annotation process is a set of tweets labeled by the priority

to be addressed by a requirements engineer. Each tweet belongs to one of the

set priority classes. Table 3.6 shows the final result of the annotation process. It

contains the distribution of tweets by priority labels.

3https://www.ucalgary.ca/
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Methodology

The tools used in this work for extracting requirements from tweets is now in-

troduced. A more detailed explanation is provided for how the requirements for

emergency management system are extracted from social media textual content

such as Tweets. The tools employed during the study include research workflow,

data preparation, classification models, analytical methods, and diverse computa-

tional techniques.

4.1 RQ1: Analyzing Actionable Tweets for First

Responders During Crises

Most research on crisis management has focused on first responders and the ways

in which social media can be leveraged to gather useful information during emer-

gencies (Westbrook et al. (2014); Snyder et al. (2019); Mittal et al. (2021); Dave et al.

(2013); McCreadie et al. (2019, 2020); Bun (2021)). This research question aims to

explore how actionable information can be identified for first responders through

tweets, enabling to build on those for the next research question. The dataset and
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its details used for this RQ are defined in Section 3.2 and 3.3.

4.1.1 Analysis of Priority Distribution and Information

Types

The primary objective of this research question is to identify if there are tweets that

are actionable to first responders. If so, the research seeks to identify which tweets

are actionable and the types of data these tweets may contain. As explained in

Section 3.2, the dataset utilized for this research question includes metadata such

as the priority or urgency of the tweet (labeled as Low, Medium, High, Critical),

indicating the importance of a tweet for first responders. Dataset also contains

types of information, which is high level categorization of tweets based on the

information contained or provided within these tweets. This metadata is utilized

to support a more in-depth analysis.

To assess the proportion of data containing key information that can be used

to take an action, an analysis was conducted to examine the distribution of tweets

acrossdifferentpriority classes. Tweetswithhighor critical priority aremost likely to

contain such information, and thus, tweets within these categories were considered

as actionable tweets (McCreadie et al. (2019)). Furthermore, an additional analysis

was performed to identify information types with a high likelihood of containing

these actionable tweets. To identify these information types, the priority labels of

tweets were converted to numerical values where Low, Medium, High, and Critical

were mapped to 0.25, 0.5, 0.75, and 1, respectively. The mean priority of each

information type was then calculated. The ability to identify these information

sources enables prioritization over others when identifying actionable tweets.
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4.1.2 Comparing Results with Prior Studies

To facilitate comparisons, analyses similar to those utilized in prior TREC-IS re-

search (McCreadie et al. (2019)) were replicated. The results from this researchwere

then compared with those reported by TREC-IS in their publications (McCreadie

et al. (2019, 2020)). This comparison helps to compare and validate our findings,

using the established relationships as a benchmark for learning.

4.2 RQ2: Extracting Requirements from

Actionable Tweets for Requirements

Engineers

This research question aims to identify actionable tweets for requirements engi-

neers and to extract requirements from those tweets. To address this research

question, a framework was designed to annotate the dataset, analyze, preprocess

the tweets, classify them, and extract relevant requirements. Figure 4.1 shows

the detailed architecture diagram of the processes for answering RQ2. The below

subsections discusses these processes in detail.

The dataset used for this RQ is presented in Section 3.4. Building on the insights

gained from RQ1, the data was annotated with relevant attributes to facilitate the

identification of actionable tweets for requirements engineers. The processes and

results of the annotation phase, where the data was categorized into the respective

TELIS information sources and assigned priority levels, are detailed in subsections

3.4.2 and 3.4.3, respectively.
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Figure 4.1: Detailed Architecture of Processes for RQ2 Framework.

4.2.1 Analyzing the Tweets

The annotated tweets were analyzed to examine the frequency distribution of

tweets by information source and priority level. This analysis aids in understanding

the proportion of tweets in the dataset categorized by information source and

importance. As learned from RQ1, the tweets belonging to high priority classes,

in this case "low to high" and "highly important and relevant" classes were con-

sidered as actionable tweets. Information sources with the highest likelihood of

containing such tweets were likewise identified as actionable information sources,

highlighting the prevalence of high-priority tweets. To detect these clusters, both

mean and violin charts were visualized by using the normalized numerical values of

the priority. Amean priority threshold of 0.6 was set to qualify a information source

as actionable. This annotated dataset was subsequently used for pre-processing,

model training, and further analysis to support the extraction of requirements.
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4.2.2 Data Pre-processing

Tweets, as written by users, cannot be directly used bymachine learning algorithms

due to the presence of noise in the data, such as emojis, symbols, incomplete

sentences, slang, ill-formed words or sentences, and non-dictionary-based words

(ALRashdi and O’Keefe (2019); Kowsari et al. (2019)). To address this, various pre-

processing techniques were applied, depending on the specific model used.

Data Normalization

Datanormalization removesnon-essential text elements tomake tweets suitable for

NLP tasks. This processmakes the data cleaner and easier for algorithms to analyze

by reducing inconsistencies, irrelevant details, and variations that don’t contribute

to the model’s learning (Singh and Singh (2020)). The general pre-processing

workflow for this study includes:

• Convert text to ASCII (removing emojis).

• Lowercase all text.

• Remove URLs, and the "@" words and "#" symbols from the text.

• Expansion of contracted words (i.e. "can’t" to "cannot")

• Additional for traditional models: Remove stopwords, correct spelling, and

lemmatizate words.

These steps vary due to the ability of models to process language and under-

stand context. For instance, BERT (as explained in Section 2.7), a transformer

model, requires minimal pre-processing to retain context. Thus, only URLs and

symbols were removed. In contrast, traditionalmodels (e.g., Naive Bayes, SVM, etc.)

benefit frommore extensive steps, such as stopword removal and lemmatization,

as they lack contextual understanding. An example of a tweet from our dataset

without any preprocessing is shown in Figure 4.2.
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Figure 4.2: Example Tweet FromDataset Without Any Preprocessing.

The examples below would show the results of pre-processed text for the tweet

in Figure 4.2:

• For Transformer based Model: stay tuned to local radio for updates on the

fire please be safe ymm rmwb ymmfire fortmcmurray

• For Traditional Model: stay tuned local radio updated fire please safe

Text Vectorization

After normalizing, the next step is to convert the text into numbers so that machine

learning models can work with it. This process, known as "Text Vectorization",

turns language into a format that computers can understand (Yang et al. (2022)).

In NLP, the meaning of words often depends on their context within sentences.

Somemodels can capture this context by analyzing all words, while others focus

just on word frequency across the text. Choosing the right vectorization method is

essential to ensure themodel captures themost important information and context.

Here’s an overview of the vectorization methods used in this study.

• TF-IDF
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One of the statistical-basedmethods that have been used to vectorize textual

documents is the term frequency-inverse document frequency (TF-IDF)

(Robertson (2004)), which uses a measurement of term specificity first pro-

posed in Sparck Jones (1972), later becoming inverse document frequency

(IDF).

TF-IDF Score Calculation:

tfidf(t,d, D) = 𝑡 𝑓 (𝑡 , 𝑑) × 𝑖𝑑 𝑓 (𝑡 ,𝐷) (4.1)

where tf(t, d) is the term frequency of term t in document d, and idf(t) is the

inverse document frequency of term t in the document setD.

TF-IDF can be imported from the gensim1 and scikit-learn2 libraries. TF-IDF

has proven to be superior in accuracy compared to other extraction tools

Das et al. (2023).

• BERT Embeddings

BERT is a pre-trained languagemodel that creates context-aware word repre-

sentations by considering both preceding and following words in a sentence

(see Section 2.7). This bidirectional approach allows BERT to generate em-

beddings that capture the specific meaning of a word based on its context,

making these embeddings richer andmore informative. For classification,

tweets are transformed into these context-sensitive vectors (Devlin et al.

(2019)).

4.2.3 Models for Tweets Classification

Classifying tweets into different categories is a crucial aspect of this framework. In

this work, the labels of the datasets are used for classification. The data is classified
1https://pypi.org/project/gensim/
2https://scikit-learn.org/stable/
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so that it predicts the sources of information and priority for the requirements

engineer. Different models were fine-tuned and evaluated to find the best model

applicable to this work.

Classification using Traditional Machine Learning algorithms

Traditionalmachine learning algorithms are still used in the field of NLP. Algorithms

like Logistic Regression (LR) (Maalouf (2011)), Naive Bayes (NB) (Rish (2001)), and

Support Vector Machines (SVM) (Shmilovici (2005)) have consistently demon-

strated strong performance in text classification tasks (Kumar et al. (2019); Kadhim

(2019)). These models were employed to classify tweets, leveraging preprocessing

methods discussed in section 4.2.2. These models were used using scikit-learn3

libraries.

Classification using Transformer BasedModel

Transformers-basedmodels have revolutionized the field of NLP in recent years

(Minaee et al. (2021); Otter et al. (2021)). Among these,models like BERTand its vari-

ants, such as DistilBERT (Sanh et al. (2020)), and RoBERTa (Liu et al. (2019)), have

shown exceptional performance in various text classification tasks. Models like

BERT-base-uncased (Devlin et al. (2019)), DistilBERT-base-uncased, and few-shot

learning (Tunstall et al. (2022)) techniqueswith the "sentence-transformers/paraphrase-

mpnet-base-v2" (SetFit) model have been used.

Data were pre-processed and tokenized before giving it to a model using above

mentioned techniques. Using these embeddings, these pre-trained models are

fine-tuned to provide a better classification based on the given dataset.
3https://scikit-learn.org/stable/
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4.2.4 Experiments and EvaluationMetrics

The performance of the proposed classification models was experimentally eval-

uated using the dataset discussed in Section 3.4. The experiment was designed

with the goal of measuring the effectiveness of the different classification models

developed for this thesis. Since results of multiple machine learning approaches

were reported, a set of experiments was conducted to validate the performance of

different techniques with machine learning algorithms. The experimental settings,

and evaluation metrics are described below.

Experimental Setting

The models were implemented at Google Collaboratory4 with 24GB of VRAM and

L4 GPU. The conventional machine learning and deep learning models were fine-

tuned using scikit-learn5 and pyTorch6 python libraries with Tensorflow7 as back-

end andhugging face8 asmodel repository respectively. Theperformanceofmodels

was evaluated using 10-fold cross-validation, where the data was split into ten parts.

Each part takes a turn as the test set, while the other nine are used for training.

The results are averaged to give a more reliable assessment, minimizing bias and

variance from any single split. For each fold, the optimal model was selected by

fine-tuning traditional models with GridSearch for hyperparameter optimization

(hyperparameters such as ngram, and model specific parameters such as aplha,

C, gamma) and for transformer models, the best checkpoint was chosen from 20

training epochs based on validation performance to avoid overfitting.
4https://colab.research.google.com/
5https://scikit-learn.org/stable/
6https://pytorch.org/
7https://www.tensorflow.org/
8https://huggingface.co/
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EvaluationMetrics

The performance of the classification models is assessed using well-accepted met-

rics such as (Sokolova and Lapalme (2009)):

• Accuracy: It measures the ratio of correct predictions over the total number

of instances evaluated.

• Precision: It measures the ratio of positive patterns that are correctly pre-

dicted from the total predicted patterns in a positive class.

• Recall: It measures the ratio of correctly predicted positives out of all actual

positive cases.

• F1-Score: It represents the harmonicmean of precision and recall, balancing

both metrics.

To validate the effectiveness of themodel,main focuswas on the precision score

of the classification metric. A higher precision would mean that an algorithm is

able to returnmore relevant results than irrelevant ones, which is amore important

metric for classifying crisis tweets. The classification report was generated using

the scikit-learn9 library from Python.

4.2.5 Classification of Tweets by Information Sources

Model Setting and Selection

Classification of tweets into TELIS information sources is important to differentiate

the clusters that are native to requirements engineering. Since tweets belonged

to multiple classes, the task required a multi-label classification approach. For

this purpose, machine learning models were developed to classify each tweet into

probable classes of information sources. Traditional models utilized a OneVsRest-

Classifier strategy to predict the multi-label classes. For BERTmodels, a sigmoid
9https://scikit-learn.org/stable/
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Figure 4.3: Hierarchical Approach to Classify Tweets into Information
Sources for Requirements Engineers (Burnay (2016); Angiani et al. (2016)).

activation function was applied independently to each class, generating probabili-

ties for each label. A fixed threshold of 0.5was then set to determine label activation,

allowing each label to receive a value of 0 or 1. The classification involved a mix

of traditional and transformer-basedmodels, including LR, SVM, NB, and BERT,
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DistilBERT, SetFit, and binary classifiers using BERT, LR and SVM. More details of

these models have been discussed in the above sub-section 4.2.3.

Selection of Classes

To test these models, specific constraints were set, including limiting classes with

less than ten samples, and evaluating each model based on the metrics outlined in

sub-section4.2.4. This process led to the selectionof 13 classes of TELIS information

sources, as shown in the right half of Figure 4.3. Tweets in categories like IT Artifacts,

Private Artifacts [Future], Social Settings, and Competition Watch were excluded

from classification based on the constraints applied.

Hierarchical Approach to Classification

A hierarchical approach was adopted to address the class imbalance and high num-

ber of categories based on the TELIS categories and sub-categories (Angiani et al.

(2016); Krendzelak and Jakab (2015); Koller and Sahami (1997)). This approach

used two classification levels, as illustrated in Figure 4.3. In the first level, tweets

were categorized bymain information sources (Activities, Infrastructure, Vision, En-

vironment, and People), reducing the complexity and drawbacks of a high number

of classes. In the second level, each main source was further classified into specific

sub-categories, minimizing class imbalance and ensuring greater coherence within

each class.

4.2.6 Classification of Tweets by Priority

Model Setting and Selection

The goal of this task is to classify tweets based on their relevance to requirements

engineering, identifying tweets that contain actionable information. To do this, it
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is crucial to prioritize tweets based on their potential importance to requirements

engineers. Each tweet was assigned a single label, framing the task as a multi-class

classification problem. To address class imbalance, an undersampling technique

(Liu et al. (2009)) was applied across all models. In BERTmodels, a softmax activa-

tion function was used in the output layer to generate class probabilities, with the

model selecting the class with the highest probability. Machine learning models

such as LR, NB, SVM, BERT, and SetFit were employed for prediction, which is

explained in sub-section 4.2.3.

Figure 4.4: Hierarchical Approach to Classify Tweets into Priority Classes for
Requirements Engineers.

Hierarchical Approach to Classification

In the annotated dataset (sub-section 3.4.3), tweet priorities are classified into five

levels, ranging from "Irrelevant" to "Highly Relevant and Important". To stream-

line classification, a hierarchical approach similar to the above was taken, where

logically similar classes are grouped together to reduce the variance in the dataset.

57



4. Methodology

Figure 4.4 demonstrates how the classes were grouped together for classification.

A two-level classification was implemented. In the first level, all labels with some

relevance were grouped and labeled as "Relevant", where tweets were categorized

as either "Relevant" or "Irrelevant". In the next level, the "Relevant" tweets were

further divided into two categories: "Less Relevant" and "Highly Relevant". "Less

Relevant" consists of tweets in "low" and "low to medium" classes, while "Highly

Relevant" includes tweets from "low to high" and "highly important and relevant"

classes. Since the tweets in the "Highly Relevant" class contain important and

relevant information with high priority for requirements engineers, it can be said

that these tweets are actionable tweets.

4.2.7 Analyzing Characteristics of Actionable Tweets

Each cluster represents a set of tweets with distinct characteristics, enabling a

deeper understanding of public opinion, trending topics, and prevalent emotions

(Batrinca and Treleaven (2015); Kruspe et al. (2021)). This study employs various

tools and techniques, such as emotion analysis (von Lunen et al. (2014); Sailunaz

andAlhajj (2019); Nandwani andVerma (2021)), word cloud visualizations (Heimerl

et al. (2014); Shahid et al. (2017)), and topic modeling (Nayebi et al. (2017b, 2018)),

to drawmeaningful insights into the behaviors and interests of different user groups

(Boon-Itt and Skunkan (2020)). Although these methods may not independently

yield direct insights (Laureate et al. (2023)), they provide valuable supplementary

information to enhance the requirements extracted from tweet clusters. Tweets

by event types and highly relevant tweets from actionable information sources are

used for analyzing their characteristics.
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Emotion Analysis

Emotion analysis is essential during crises to gauge public sentiment, helping

responders and communicators tailor their strategies to meet emotional needs,

reduce panic, and build trust (Shekhar and Setty (2015)). In order to understand

the emotion of a tweet, the "j-hartmann/emotion-english-distilroberta-base10"

model, which classifies text into anger, fear, sadness, neutral, love, and joy, was

implemented to detail emotional profiling of tweets. This pre-trained transformer

model, based on DistilRoBERTa, offers efficient and accurate emotion detection.

Word Cloud

Word clouds serve as an effective tool for analyzing tweets during crises, visually

highlighting the most frequent words to quickly reveal dominant themes and con-

cerns (Pourebrahim et al. (2019)). This aids requirements engineers and crisis

managers in identifying key topics, emerging trends, and shifts in public sentiment.

Using Python’s word cloud library11, tweets were processed with custom stopwords

to remove non-informative keywords, resulting in a visual representation where

word size indicates frequency or importance within the dataset.

Topic Modeling

Topic modeling is a natural language processing technique used to uncover hidden

topics within a document collection during crisis (Nayebi et al. (2017b)). Latent

Dirichlet Allocation (LDA) (Jelodar et al. (2018)) algorithmwas employed to analyze

word co-occurrence, clusteringwords into distinct topic groups. Each document, or

tweet in this context, is represented as amixture of these topics, allowing for insights

into the thematic structure of crisis-related discussions. Count and TF-IDF vec-
10https://huggingface.co/j-hartmann/emotion-english-distilroberta-base
11https://pypi.org/project/wordcloud/
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torization methods were applied to assess word frequency and importance within

each topic (Wendland et al. (2021)). The optimal number of topics was determined

by using elbowmethod and balancing low perplexity and high coherence.

4.2.8 Requirements Extraction From Actionable

Information Sources

Extracting requirements from tweets requires a nuanced understanding of the com-

mon themes and specific needs expressed within the posts (Nayebi et al. (2017b)).

LLMs can efficiently identify these themes, summarize key points, and highlight

critical insights, making them invaluable for analyzing crisis-related tweets to distill

actionable requirements and understand user needs from diverse perspectives

(Otal et al. (2024); Yin et al. (2024)).

In this study, LLMs are employed to extract themes and requirements from clus-

ters of highly relevant tweets. To focus on themost critical requirements, high prior-

ity tweets from actionable information sources were leveraged, with requirements

extracted individually for each information source. This process utilized a series

of prompting steps. It combines chain-of-thought (Wei et al. (2023)) reasoning,

where the task is broken down into smaller objectives, with chain-of-verification

(Dhuliawala et al. (2023)), where each step is followed by a self-check prompt

(Manakul et al. (2023)) to minimize errors and reduce hallucinations. In the first

step, prompt-1 (Figure 4.6) was used to group tweets based on thematic relevance,

forming clusters (Huang and He (2024)). These clusters were then validated using

a self-check prompt (Figure 4.7) to ensure accuracy. In the second step, prompt-2

(Figure 4.8) summarized each cluster to extract specific needs (Pereira et al. (2024)),

with a follow-up self-check prompt (Figure 4.9) used for validation. Hence, termed

as 2-2 step prompting approach. This self-verifying approach, illustrated in Figure
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4.5, minimizes errors and ensures the reliability of the extracted information.

Figure 4.5: FlowofPrompt forRequirementsExtraction fromHighlyRelevant
Tweets

Prompt Structure

As discussed above, a series of prompts are used to extract and validate require-

ments. For this study, "GPT-4o" model12 was used with temperature set to 0. A

prompting framework suggested by Teo (2023) that is inspired from Bsharat et al.

(2024) is used to design a prompt that is easy to understand and provides enough

information to the model. The framework provides guidelines and principles for

optimum response from LLMmodel. The framework was simplified into six simple

and digestible terms known as CO-STAR, which are described as:

• C: Context: Provide background and information on the task

• O: Objective: Define the task that you want the LLM to perform
12https://platform.openai.com/docs/models/o1
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• S: Style: Specify the writing style you want the LLM to use

• T: Tone: Set the attitude and tone of the response

• A: Audience: Identify who the response is for

• R: Response: Provide the response format and style

The prompt were designed using the suggested framework style where prompt

instructions are divided into separate prompt sections making it easier to under-

stand. Somemodifications were made to the framework where tone and audience

sections from CO-STAR were not used and input to the prompt was provided.

Prompt-1

For the prompt-1, the LLMwas assigned the role of an NLP expert analyzing crisis-

related tweets. The prompt was also provided with the tweets as context, its task

was to group similar tweets into clusters, each with a descriptive title reflecting the

cluster’s theme, excluding event types as abasis for grouping. Tweetswithout closely

related counterparts were categorized under “Others”. Also, clear instructions were

set to return clusters with titles and tweet indices. Figure 4.6 illustrates this setup

for grouping tweets effectively.
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Figure 4.6: Prompt 1 - Cluster Tweets Based on Similar Themes

# CONTEXT #

You are an expert in natural language processing. You have been given a set of highly relevant

tweets to requirements engineer that is related to crisis events such as earthquakes, floods,

typhoons, shootings, and wildfires. These tweets might contain user requests and needs.

##############

# OBJECTIVE #

Your task is to first group the following tweets into clusters based on their similarity but don’t

group them by event types, also all the provided tweets should be used to create the clusters.

Secondly provide a suitable title for each cluster. If any tweets doesn’t belong to any of the

cluster, name them as "Other". Only create "Others" if the tweets don’t belong to any of the

clusters. Do not create it if there are no tweets categorized as "Others".

##############

# STYLE #

Bold the title of the summary. Tweets with the tweet number and its text should be included

in the cluster.

##############

# INPUT #

Here are the tweets:

'''{tweets} '''

##############

# RESPONSE #

Provide the clusters and their title with the tweet indices.

Self-Check Prompt-1

After receiving the output from the first prompt, the self-check prompt-1 validates

the clusters by re-evaluating the initial tweets alongside the response. It assesses

each cluster for authenticity, coherence, relevance, and accuracy through a set of

validation questions. The answers are expected in a "yes/no" format for each crite-

rion, followed by an overall verdict based on these responses. Figure 4.7 illustrates

the self-check prompt structure.
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Figure 4.7: Self-check Prompt 1 - Validates the Response of Prompt 1

You are an expert in NLP and data analysis. Below tweets are an initial set of tweets used to

group tweets into cluster and provide a title. Answer the below questions using the tweets

and output.

Initial tweets:

'''{text} '''

Please validate the output using the following criteria.

For each cluster validate the following:

1) Are all the tweets from the initial tweets list?

2) Does the tweet number and text match with initial tweets?

3) Does all tweets signify the topic of the cluster?

4) Does the cluster title make sense?

5) Given a set of tweets and the clusters they are grouped into, are the number of clusters

appropriate?

6) Are all the initial tweets being used?

Output:

'''{output}'''

ValidationOutput should be in yes/no for each cluster, Also, provide a final verdict (Pass/Fail),

fails if any of the validation fails:

Prompt-2

For the prompt-2, the LLMwas assigned the role of a requirements engineer with

NLP expertise. Its task is to consolidate tweetswithin each cluster, generating a sum-

mary that encapsulates the requests and needs expressed. Each summary includes

a title and references the original tweets by listing their numbers under "Reference

tweet numbers:". Figure 4.8 demonstrates the structure of this summarization

prompt.
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Figure 4.8: Prompt 2 - Summarizes theTweets to Extract Requirements

# CONTEXT #

You are a Requirements Engineer with expertise in natural language processing. You have

been given a cluster of tweets that are highly relevant to requirements engineer and is related

to crisis events.

##############

# OBJECTIVE #

Your task is to combine all the tweets of a cluster, extract the requirements and describe the

identified requirements in detail as mentioned in all the tweets, mention out any item, key

details or help needs in the summary as well. Also, reference to the tweet numbers while

describing. Make sure to analyze and use all the tweets in the cluster to describe. Do this for

all the identified clusters and "Others" as well. Provide the title of cluster as the heading of

the summary. Mention the tweet numbers that is included in the summary under"Reference

tweet numbers:".

##############

# STYLE #

Bold the title of the summary.

##############

# INPUT #

Here is the cluster of tweets:

'''{cluster}'''

##############

# RESPONSE #

Provide the title, summary of tweets and reference tweet numbers.

Summary:

Self-Check Prompt-2

Finally, after the prompt-2 generates a requirement summary for each cluster, a self-

check prompt-2 assesses the accuracy of these summaries. Both the original input

and the LLM-generated output are provided to this self-check, which evaluates

each summary for context accuracy, relevance, and truthfulness. The self-check

prompt then respondswith "yes/no" for each criterion, alongwith an overall verdict
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based on these assessments. Figure 4.9 illustrates the structure of this validation

prompt.

Figure 4.9: Self-check Prompt 2 - Validates the Response of Prompt 2

You are a expert in NLP and data analytics who is tasked with verifying the accuracy of

summaries. You have been given a group of cluster with its summary of similar tweets under

"Summary by Cluster" and the list of cluster with tweets it is based on under "Clustered

Tweets". Your task is to analyze the summary and answer below questions truthfully.

Clustered Tweets:

'''{context}'''

Summary by cluster:

'''{summary}'''

Answer below questions below:

1. Is the summary accurate with the context of referenced tweet numbers?

2. Do the summary represent the cluster title?

3. Are the tweet numbers valid?

4. Did it create a paragraph that summzrized the cluster?

Validation answer should be in yes/no for each cluster, Also, provide a final verdict (Pass/Fail),

fails if any of the validation fails:

4.3 RQ3: Translating Requirements to Software

Features & Analyzing Requirements Gap

Once the requirements were retrieved through the highly relevant tweets cluster

by combining similar tweets across the actionable information sources, the next

step was to translate these requirements into software features that could be used

by the requirements engineers to create a project plan. Traditionally, this process

involvedmanually inspecting the requirements and relying on human intervention

to ensure optimal results (Napier et al. (2009); Regnell et al. (2008); Antinyan and

Staron (2017)). However, with advancements in context-aware language models,
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this task was automated using prompt based LLMs (Wei et al. (2024); Ghosh et al.

(2024)). The requirements extracted in RQ2 were used as input for RQ3, as the

requirements from these sources contain themost important and relevant informa-

tion. These extracted requirements were provided as context to these LLMs, which

then generated specific software features. This automation streamlined the process,

reducing the need for manual effort while improving efficiency and scalability in

translating requirements into actionable software components (Rahman and Zhu

(2024)). Figure 4.10 shows the detailed architecture of processes taken to answer

RQ3.

Figure 4.10: Detailed Architecture of Processes for RQ3.

4.3.1 LLM-based Feature Translation

Figure 4.11 shows the prompt used to translate requirements into software features.

The prompt instructs the LLM to generate asmany features as possible for a specific

objective based on the provided requirements. The model used was "GPT-4o"13

with the temperature (explained in sub-section 2.9.3) set to 0, ensuring determin-

istic output. The LLM was asked to describe each feature while referencing the

source, cluster, and title of the requirements fromwhich itwas derived. This process
13https://platform.openai.com/docs/models/o1
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ensures traceability, making the generated features data-backed and transparent

by directly linking them to their original requirements.

The model takes two inputs:

• Requirements: A list of requirements in JSON format, which will be used to

generate software features.

• Objective: A text description of the application for which the software fea-

tures are to be created.

The end results from sub-section 4.2.8 were used for translating the require-

ments. Each requirement was transformed into a JSON format containing the

following elements:

i) source: the information source to which the requirement belongs,

ii) cluster: the cluster from which the requirement originates,

iii) cluster_description: a description of the cluster generated after the require-

ments extraction,

iv) title: the title of the requirement, and

iv) text: a detailed description of the requirement identified from the tweets.

These actionable requirements, extracted from actionable information sources,

were then provided as input to the prompt 4.11.
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Figure 4.11: Prompt used to Translate Requirements as Software Feature

# CONTEXT #

You are an expert in requirements engineering and software architecture. You have been given set

of requirements and their metadata that has been extracted from tweets during crisis that have high

priority.

##############

# OBJECTIVE #

Analyze the following JSON entry, identifying potential features that can be developed for the creation

of "objective" app. For each feature, output the feature name in bold, followed by a two-line description

of its purpose and how it contributes to addressing the objective provided below.

Focus onMAXIMIZING the number ofmeaningful features derived from the related requirements details

provided in the JSON, considering aspects such as source, clusters, descriptions, and text content. There

should not be any features left to be derived.

If the objective is not related to crisis events, respond accordingly.

Do not hallucinate. If you don’t find any requirements matching, return "No requirements found".

Make sure all the features suggested are related to the "objective".

##############

# STYLE #

Bold the requirements title.

Provide a 2 line description of each feature based on the requirements text.

Output the features as numbered list.

Also, provide the reference to the source, cluster and title name of the requirement that was used to

come up with the feature.

##############

# INPUT #

Here is the requirements:

'''{requirements}'''

##############

# RESPONSE #

List the maximum number of features possible for: '{objective}'

Finally, the output from the prompt was compared and assessed (explained in

sub-section 4.3.3) based on the features of similar apps available in the Play Store.

This helped evaluate the ability of LLMs to translate requirements into actionable
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software features.

4.3.2 Extracting Software Features from Play Store

Table 4.1: Mobile Apps Used For Extracting the Features for Comparison
with Package Name
App Name Package Name
CrisisGo (Inc. (2024)) com.linku.android.mobile_emergency.app.activity
In Case of Crisis (Group (2024)) com.iba.incaseof
Crisis24 HorizonMobile (Crisis24 (2024a)) com.crisis24.horizon
Crisis Messenger (Crisis24 (2024b)) com.crisis24.CrisisMessenger
Emergency Management Suite (Management (2024)) com.navigateemergencymanagementsuite
Crises Control (Control (2024)) com.crises.control
PulsePoint Respond (Foundation (2024)) mobi.firedepartment
Emergency Ready App (National Emergency Manage-
ment Agency (NEMA))

kr.go.nema.disasteralert_eng

Emergency Plus (Entertainment (2024)) com.threesixtyentertainment.nesn
ERG for Android (of Medicine (NLM)) gov.nih.nlm.erg2012
Alberta Emergency Alert (of Alberta (2024)) ca.ab.gov.aea
My SOS Family Emergency Alerts (Family (2024)) com.mysosfamily
SOS Alert | Panic Button (Solvaday (2024)) com.solvaday.pani_alarm
EchoSOS (MobileMed (2024)) ch.mobilemed.echo112
Disaster Alert (Alert (2024)) disasterAlert.PDC
First Aid - IFRC (of Red Cross and (IFRC)) com.cube.gdpc.fa
Call For Help - Emergency SOS (Help (2024)) com.call_for_help
Saskatchewan Emergency Alert (of Saskatchewan
(2024))

ca.sk.gov.saskalert

Medical ID (App (2024b)) app.medicalid.free
First Aid and Emergency Techniques (Fatbelly (2024)) com.fatbelly.firstaidsandemergencytechniques
Integrated Emergency Response (Cell411 (2024)) com.cell411.ier
SOS Alert | Emergency & Safety (SafetyApp (2024)) com.safetyapp.b.safe.emergencyapp
Citizen: Local Safety Alerts (App (2024a)) sp0n.citizen
Disaster Management (Softecks (2024)) in.softecks.disastermanagement
Police Scanner - Live Radio (Citizen (2024)) police.scanner.radio.broadcastify.citizen
Emergency Central (Android (2024)) com.unbound.android.ubemi
Alertable (Mobilize (2024)) com.artermobilize.alertable
iFirstAid (iFirstAid (2024)) com.ifirstaid
WikEM - Emergency Medicine (WikEM (2024)) wikem.chris

The Google Play Store is one of the most popular platforms for developers to

publish their applications. To find relevant apps for comparison, unique apps

resulting from search strings "crisis app", "crisis management app", "emergency

app", and "emergency management app" were used. A total of 54 apps were re-

trieved; among these, 8 apps were games, and 3 were for another purpose. Certain

constraints were applied, such as considering only apps with a minimum of 5,000

70



4. Methodology

downloads. This constraint resulted in 32 different apps from the Play Store. These

apps range from government bodies like Alberta and Saskatchewan to private de-

velopers. These apps can be accessed in play store using package name suffixed to

"https://play.google.com/store/apps/details?id=". App names and package names

of these apps are listed in Table 4.1.

Using Python, metadata from these apps was extracted, and only relevant

information such as the app description, developer, summary, title, URL, and ID

were stored. This structured data was then used as input to a LLM via a prompt,

transforming the appmetadata into a list of software features presented as bullet

points for each app. At the end of the process, all the extracted features from these

apps were grouped together, combining similar features across the different apps.

4.3.3 Comparison of Features

The features translated from actionable requirements needed to be compared

with those extracted from Play Store apps to assess the effectiveness and provide

a quantitative evaluation of our framework. This comparison was done by eval-

uating the semantic similarities between the features using Sentence BERT (S-

BERT) (Reimers and Gurevych (2019)). Specifically, the "all-MiniLM-L6-v2" model

(Sentence-Transformers (2022))was used to embed the text into vectors, and cosine

similarity was calculated between these embeddings (Sharma et al. (2024)).

The outcome was a similarity score matrix where each feature from the Play

Store apps was compared to the translated features. A threshold of 0.5 was set to

capture the most similar features based on cosine similarity. Top three feature with

the highest similarity score were selected for further evaluation, and the best match

among these was assigned as the similar feature. For cases where no similar feature

was found within the 0.5 threshold, a lower threshold of around 0.3 was used, and

features within this range were manually inspected.
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After the comparison, three scenarios were possible for each feature. This

scenario was inspired by Nayebi et al. (2017b) study. The scenarios are:

• Scenario 1: Translated features from our study exist in current crisis and

emergency apps.

• Scenario 2: Translated features from our study do not exist in current crisis

and emergency apps. In such cases, translated features could be used as a

suggestion for inclusion in future developments.

• Scenario 3: The features that exist in current crisis and emergency apps were

not found in translated features from our study. This is interpreted either as

the incompleteness of requirements used or the lack of discussion of such

features during a crisis.

The result of this comparison would help us understand LLM’s ability to trans-

late the requirements and validate the need for such an automated system for better

decision-making.

72



Chapter 5

Empirical Results

In this chapter, the results of this research on identifying actionable data for re-

quirements engineers based on tweets during a crisis event are presented. These

results are based on the techniques explained in methodology (see chapter 4). This

framework can be used by any crisis management organization or software com-

pany that wants to analyze the textual contents to extract critical information and

requirements that can be used to make data-supported decisions.

5.1 RQ1: Analyzing Actionable Tweets for First

Responders During Crises

Identifying actionable tweets is challenging and requires a series of steps to filter

the data and identify attributes that make tweets actionable. These attributes can

vary depending on the user’s application. Here, the focus is towards identifying the

actionable tweets for first repsonders.
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Figure 5.1: BarChart ShowingCriticalityDistributions (Left) and theNumber
of Tweets by Priorities Over Information Types (Right) From Our Analysis.

5.1.1 Analyzing the Actionable Tweets Distribution

Using the TREC-IS 2019 dataset explained in subsection 3.3, tweets were analyzed

based on priority and information types. Figure 5.1 illustrates the overall frequency

distribution of priority labels across the entire dataset, as well as the distribution

within specific information types. The distribution reveals that approximately 1.8%

of tweets are Critical, 9.8% are High, 20.6% are Medium and 67.7% are Low priority.

Fewer than 15% of tweets fall into the High and Critical classes, indicating the

limited availability of tweets with high priority.

To determinewhich information types aremore likely to contain higher-priority

tweets, the mean priority for each information type was calculated. Figure 5.2

presents a sorted bar graph of mean priority values by information type. Informa-

tion types with a mean value above 0.5 are likely to contain a higher proportion

of actionable tweets, known as actionable information types. The information

types with a mean priority greater than 0.5 include: (i) SearchAndRescue, (ii) New-

SubEvent, (iii) MovePeople, (iv) EmergingThreats, (v) GoodsServices, (vi) Volunteer,

(vii) ServiceAvailable, and (viii) Official.
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Figure 5.2: Sorted Bar Chart by Mean Criticality of Information Types.

5.1.2 Comparing Results with Prior Studies

These results closely align with the findings of McCreadie et al. (2019, 2020), which

also observed similar distributions of priority levels and information types among

tweets collected across various events and time periods, as shown in Figures 5.3

and 5.4. According to the results presented in McCreadie et al. (2020), there are 6

information types considered as actionable. These are 1) requests for search and

rescue, 2) calls to action for moving people, 3) reports of newt events, 4) reports

for emerging threats, 5) reports of services becoming available, 6) requests for

goods/services . Similarly, fewer than 15% of tweets were deemed actionable in

these studies, with significant overlap amongmost information types with mean

value greater than 0.5.

The findings of this study validate that the use of relevant attributes can support

the identification of actionable tweets for first responders. Furthermore, our learn-

ing from this study is applying a taxonomy that helps cluster the data into a format

that is relevant to the proposed user. Additionally, distinguishing tweets through
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Figure 5.3: Criticality Distributions Across (a) andWithin Information Types
(b) as Presented in McCreadie et al. (2019).

Figure 5.4: Criticality Distributions Across (a) andWithin Information Types
(b) as Presented in McCreadie et al. (2020).

a metric that helps in prioritizing key information has been shown to enable the

extraction of actionable insights, effectively excluding irrelevant data.
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5.2 RQ2: Extracting Requirements from

Actionable Tweets for Requirements

Engineers

This research question focuses on identifying actionable tweets and their charac-

teristics to extract requirements for requirements engineers. The results obtained

through the methodology outlined in Section 4.2 are presented.

5.2.1 Analyzing Information Sources of Tweets

Sub-Section 3.4.2 discusses the dataset used and the annotation process applied.

The results of annotation process using TELIS information sources are displayed

graphically in Figure 5.5. Additionally, Table 5.1 provides a detailed distribution of

tweets across different crisis event types.

The bar chart 5.5 illustrates the distribution of tweets categorized by different

information sources during crisis events, highlighting key patterns and trends.

The distribution of tweets among the main source indicates a strong focus on

the ’People’ and ’Environment’ categories. The People category contained 57.94%

or 825 number of tweets, particularly "People → Internal Actor" with 313 tweets

and "People → Experience" with 276 tweets, shows a high frequency, indicating

the prevalence of internal actors and personal experiences in crisis tweets. The

Environment categoryhas 289or 20.29%of tweetswithmost of the tweets belonging

to surrounding sub source. Activities, Infrastructure and Vision has 8.77%, 7.86%

and 5.12% of tweets in them respectively. Sub sources like Private Artifacts [Future],

Social Settings, CompetitionWatch, IT Artifacts, Value Proposition has less number

of tweets suggesting these are not prevalent topic in this dataset.

Table 3.5 presents a detailed breakdown of tweets categorized by main sources
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Figure 5.5: Visualizing the distribution of tweets over TELIS sub-categories
after annotation

and sub-sources across different crisis events such as earthquakes, floods, shoot-

ings, typhoons, andwildfires. The "People" category, specifically "Internal Actor", is

notably dominant in shooting (85 tweets, 30.25%) and typhoon (91 tweets, 18.72%)

events, indicating high user engagement in these scenarios. For typhoons, "Activi-

ties → Finance" (9.47%) and "Activities → Process" (5.35%) are notably present, re-

flecting the economic and procedural concerns during such events. "Environment

→ Surroundings" has high mentions in earthquakes (16.34%), typhoons (11.93%),

and wildfires (17.60%), highlighting the focus on immediate environmental im-

pacts. "Infrastructure → Public Artifacts" is significant in earthquakes (16.99%)

and typhoons (6.58%), suggesting public infrastructure is a critical concern during
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Table 5.1: Distribution of Dataset for RQ2 Across Information Sources Over
Event Types
Main
Source

Sub Source Earthquake Flood Shooting Typhoon Wildfire

Activities Finance 6 (1.96%) 9 (6.67%) 0 (0%) 46 (9.47%) 7 (2.05%)
Process 8 (2.61%) 10 (7.41%) 1 (0.36%) 26 (5.35%) 12 (3.52%)

Environment

Community 3 (0.98%) 7 (5.19%) 1 (0.36%) 21 (4.32%) 14 (4.11%)
Market 8 (2.61%) 2 (1.48%) 1 (0.36%) 21 (4.32%) 13 (3.81%)
Surroundings 50 (16.34%) 17 (12.59%) 13 (4.63%) 58 (11.93%) 60 (17.60%)
Competition Watch 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Infrastructure

IT Artifacts 1 (0.33%) 1 (0.74%) 0 (0%) 4 (0.82%) 4 (1.17%)
Private Artifacts [Present] 23 (7.52%) 19 (14.07%) 5 (1.78%) 22 (4.53%) 1 (0.29%)
Public Artifacts 52 (16.99%) 13 (9.63%) 19 (6.76%) 32 (6.58%) 24 (7.04%)
Private Artifacts [Future] 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

People

Experience 51 (16.67%) 19 (14.07%) 74 (26.33%) 70 (14.40%) 62 (18.18%)
External Actor 21 (6.86%) 12 (8.89%) 75 (26.69%) 41 (8.44%) 24 (7.04%)
Internal Actor 66 (21.57%) 15 (11.11%) 85 (30.25%) 91 (18.72%) 55 (16.13%)
Practice 8 (2.61%) 4 (2.96%) 5 (1.78%) 28 (5.76%) 18 (5.28%)

Vision
Social Settings 2 (0.65%) 0 (0%) 1 (0.36%) 3 (0.62%) 0 (0%)
Social Strategy 7 (2.29%) 5 (3.70%) 1 (0.36%) 14 (2.88%) 27 (7.92%)
Value Proposition 0 (0%) 2 (1.48%) 0 (0%) 9 (1.85%) 2 (0.59%)

these disasters. Typhoons and earthquakes show a broader range of concerns,

including financial and procedural aspects, whereas shootings focus heavily on

personal experiences and internal actors. The distribution reveals that certain

sub-sources like "Internal Actor" and "Public Artifacts" are consistently prominent

across multiple crisis types.

5.2.2 Classification of Tweets by Information Sources

To effectively identify actionable tweets by relevant source, it is essential to de-

termine whether current systems can predict the information source of a tweet.

Such predictive capability would reduce the human labor and intensive resources

required for categorizing tweets over time. Themethodology, including the selected

models, their configurations, and the classification approach used for categorizing

tweets into information sources, as detailed in sub-section 4.2.5, was applied for

this classification task.

The results of the hierarchical classification reveal that models such as BERT-

base, SVM, and binary classification algorithms demonstrated the highest per-
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formance in both the first and second levels of classification. As explained in

sub-section 4.2.4, themodels were accessed based on precision score to emphasize

accuracy in predicting the positive class. Table 5.2 presents the precision scores for

all selected machine learning algorithms, averaged over a 10-fold cross-validation.

Table 5.2: Results of First-Level Classification Models Showing Precision
Scores of Various Algorithms.

Information
Source

BERT Distil
bert

SetFit LR NB SVM Binary
BERT

Binary
LR

Binary
SVM

Activities 0.76 0.08 0.40 0.00 0.00 0.76 0.72 0.60 0.79
Environment 0.48 0.42 0.42 0.40 0.65 0.59 0.50 0.51 0.48
Infrastructure 0.73 0.73 0.44 0.95 0.90 0.74 0.69 0.71 0.64
People 0.81 0.74 0.83 0.70 0.69 0.77 0.85 0.75 0.74
Vision 0.00 0.00 0.20 0.00 0.00 0.03 0.00 0.13 0.00

Table 5.3: Results of Second-Level Classification Models Showing Precision
Scores of Various Algorithms.
Information
Source

Sub Category BERT Distil
bert

SetFit LR NB SVM Binary
BERT

Binary
LR

Binary
SVM

Activities Finance 0.87 0.64 0.96 0.80 0.69 0.81 0.81 0.80 0.80
Process 0.81 0.58 0.85 0.92 0.99 0.91 0.87 0.91 0.93

Environment
Community 0.63 0.00 0.65 0.60 0.00 0.73 0.70 0.54 0.53
Market 0.39 0.19 0.48 0.00 0.00 0.25 0.00 0.20 0.00
Surroundings 0.83 0.78 0.90 0.79 0.72 0.81 0.81 0.83 0.85

Infrastructure Private Artifacts
[Present]

0.40 0.00 0.44 0.00 0.55 0.53 0.34 0.39 0.34

Public Artifacts 0.66 0.63 0.69 0.60 0.62 0.66 0.63 0.63 0.64

People

Experience 0.45 0.21 0.44 0.00 0.54 0.43 0.54 0.38 0.47
External Actor 0.43 0.12 0.31 0.00 0.00 0.36 0.55 0.00 0.10
Internal Actor 0.53 0.40 0.48 0.00 0.60 0.47 0.66 0.55 0.50
Practice 0.00 0.00 0.29 0.00 0.00 0.05 0.01 0.05 0.05

Vision Social Strategy 0.84 0.85 0.91 0.77 0.77 0.80 0.81 0.85 0.84
ValueProposition 0.00 0.08 0.41 0.00 0.00 0.20 0.00 0.30 0.30

In the first level of classification, information sources such as Activities, In-

frastructure, and People achieved a precision range of 70% to 85%. However, the

Environment class showed a lower precision range of 45% to 65% across the best-

performing models. Additionally, it was observed that the Vision class was particu-

larly challenging to predict, yielding consistently poor results across all algorithms.

This difficulty may have stemmed from a limited number of support points relative

to other classes.

For the second level of classification, which addressed sub-categories of infor-
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mation sources, similar models as above performed comparably well. While most

classes were consistently predicted well by the models, exceptions were noted in

classes such as Practice and Value Proposition. SetFit (few-shot learning) proved

highly effective in cases with limited data or class imbalances, highlighting the

potential of these techniques for enhancing prediction accuracy in underrepre-

sented classes. These findings suggest that, while current models are capable of

confidently classifying certain classes, they would benefit from additional data

and further fine-tuning. A more detailed classification report for these models is

provided in Appendix 7.2.

5.2.3 Analyzing Priority of Tweets

0 20 40 60 80 100
Percentage

0

Pr
io

rit
y

38.6% 16.5% 20.4% 14.6% 9.9%

0 - Irrelevant
1 - Low
2 - Low to Medium
3 - Low to High
4 - Highly Relevant and Important

Figure 5.6: Bar Chart Illustrating the Proportion of Tweet Priorities

To prioritize tweets containing critical information for requirements engineers,

the data was annotated to reflect the priority level of tweets deemed relevant and

important. The annotation process is detailed in sub-section 3.4.3. Following the

annotation, the distribution of tweet priorities is presented in Figure 5.6. Addition-

ally, Figure 5.7 provides a stacked bar chart illustrating the frequency distribution

of priorities across different information sources.

Further analysis was conducted to understand the distribution of priorities

among information sources, utilizing visualizations such as violin plots and mean

priority bar plots. In Figure 5.8, the violins are arranged by median value, high-

lighting information sources with higher priorities. Sub-categories with 10 or fewer

tweets were excluded from this analysis to maintain consistency with the applied
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Figure 5.7: Stacked Bar Chart Showing the Distribution of Tweets Across
Information Sources by Tweet Priority

constraints. Categories such as Social Strategy, Community, Practice, Finance, and

Market all have a median priority above 0.7, indicating a higher concentration of

high-priority tweets.

Figure 5.9 presents a sorted bar chart illustrating the mean priority values by

information source. Information sources with a mean priority value above 0.6

are classified as actionable information sources, indicating a greater likelihood of

containing highly relevant tweets. This chart reinforces the insights from the violin

plot, identifying the same key information sources with high-priority tweets. These

actionable sources are "Environment →Market", "Activities → Finance", "People →

Practice", "Environment → Community", and "Vision → Strategy". Therefore, these
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Figure 5.8: Violin Chart Displaying the Median Tweet Priority for Various
Information Sources

sources can be considered actionable, further validating their significance in the

context of tweet analysis.

5.2.4 Classification of Tweets by Priority

Classifying tweets into respective priority classes is essential for revealing their

actionability for requirements engineers. The process by which tweets are assigned

to these priority classes is detailed in the methodology sub-section 4.2.6.

In the first level of classification, tweets were grouped into "Irrelevant" and

"Relevant" classes. Table 5.4 presents the average results from a 10-fold validation

conducted for each model, with undersampling applied. Among all the models,

BERT yielded the highest performance, achieving a precision (81%), recall (71%)

and f1 (75%) for relevant category. Nonetheless, all the other models also demon-
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Figure 5.9: Bar Chart Showing the Mean Tweet Priority for Different Infor-
mation Sources

strated strong overall performance.

Table 5.4: Classification Report of Different Models on Identifying Irrelevant
and Relevant Tweets for Requirements Engineers.
Model Category Precision Recall F1

BERT
Irrelevant 0.61 0.73 0.66
Relevant 0.81 0.71 0.75

Logistic Regression
Irrelevant 0.55 0.67 0.60
Relevant 0.76 0.66 0.71

Naive Bayes
Irrelevant 0.59 0.61 0.60
Relevant 0.76 0.74 0.75

Support Vector Machines
Irrelevant 0.56 0.71 0.62
Relevant 0.78 0.65 0.71

Following the initial classification of tweets as "Relevant" or "Irrelevant," the

second level of classification aimed to further distinguish relevant tweets into "Less

Relevant" or "Highly Relevant" categories. Approximately 752 tweets, previously

classified as relevant, were used for this purpose. Under similar experimental

settings as before, the performance of all models was fairly comparable. However,
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Naive Bayes emerged as the top-performing model, achieving a precision of 72%, a

recall of 65%, and an F1 score of 68% for the "Less Relevant" class, and a precision

of 54%, a recall of 62%, and an F1 score of 57% for the "Highly Relevant" class.

Table 5.5: Classification Report of Different Models on Identifying Less
Relevant and Highly Relevant Tweets for Requirements Engineers.

Model Category Precision Recall F1

BERT
Less Relevant 0.73 0.54 0.58
Highly Relevant 0.51 0.67 0.56

SetFit
Less Relevant 0.71 0.57 0.63
Highly Relevant 0.51 0.65 0.56

Logistic Regression
Less Relevant 0.74 0.57 0.65
Highly Relevant 0.52 0.70 0.59

Naive Bayes
Less Relevant 0.72 0.65 0.68
Highly Relevant 0.54 0.62 0.57

Support Vector Machines
Less Relevant 0.73 0.56 0.63
Highly Relevant 0.51 0.68 0.58

The results of this study in classification indicate that the adoption of such

machine learning models could significantly reduce the human effort required to

identify highly relevant information from large datasets. However, current systems

appear unable to fully segregate the data without human intervention, as the clas-

sification metrics are not sufficiently high. Most of the metrics fall within the range

of 50% to 75%, which limits confidence in themodels’ ability to consistently deliver

accurate classifications. Consequently, while these models offer support in data

prioritization, they are not yet reliable enough to replace human oversight entirely.

5.2.5 Characteristics of Actionable Tweets

To identify the characteristics of tweets, various factors such as language, emotion,

hashtags, mentions, and keywords were analyzed. Understanding these character-

istics is essential, as it enables the prioritization of significant and urgent tweets,

particularly in critical situations such as crisis management, where the swift identi-

fication of actionable and relevant information is imperative.
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Word Cloud

Using a word cloud (see sub-section 4.2.7), the most frequent keywords across vari-

ous event types were analyzed. The word cloud displayed in Figure 5.10, derived

from tweets associated with crisis events, highlights urgent needs and priorities

during different types of disasters. Common themes, such as "help", "need", "peo-

ple", and "power" are frequently mentioned across all events, indicating these

are essential requirements in crisis situations. Event-specific word clouds also

emphasize unique concerns: for instance, "magnitude" and "earthquake" for earth-

quakes, "shoot" and "protest" for shootings, and "evacuate" and "fire" for wildfires,

reflecting the specific threats faced during these crises.

earthquake flood

typhoon shooting

wildfire

Figure 5.10: WordCloud Generated by Different Event Types: Earthquake,
Flood, Typhoon, Shooting, andWildfire.

Additionally, keywords such as "power", "relief", and "restore" refer to the
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aftermath of earthquakes, while terms like "evacuation", "update", and "air quality"

reflect public concerns about wildfires. These keywords facilitate the identification

of dominant discussions on social media regarding these events. Such insights

enable crisismanagement organizations to pinpoint pressing themes and prioritize

responses accordingly.

Activities  Finance Environment  Community

Environment  Market People  Practice

Vision  Social Strategy

Figure 5.11: Word Cloud Generated by Actionable Information Sources:
Activities → Finance, Environment → Community , Environment →Market ,
People → Practice, and Vision → Social Strategy.

Secondly, a word cloud was generated for the actionable information sources

identified in the previous section. As shown in Figure 5.11 common themes such

as "help" and "need" are prominent, emphasizing key concerns in crisis contexts.

The Activities → Finance cloud highlights terms like "donation", "donate", and

"affect," showing the public’s focus on fundraising for recovery efforts. In the
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Environment → Community cloud, appeals for protecting vulnerable groups reflect

strong community involvement, especially in crises likewildfires. The Environment

→ Market cloud indicates concerns about the availability and cost of essentials,

highlighting disruptions to local markets. The People → Practice cloud focuses on

practical actions, such as ensuring safety, securing homes, and addressing medical

needs, which are crucial during emergencies, while the Vision → Social Strategy

cloud focuses on coordinated efforts, with frequent mentions of evacuation and

response planning.

These word clouds offer actionable insights, helping emergency management

prioritize key public needs and design more responsive systems.

Emotion

Emotion Analysis helps us to understand the emotional insights into how people

react to the crisis. These emotions are categorized into anger, fear, sadness, neutral,

love, and joy using a language model as explained in sub section 4.2.7.

Figure 5.12 presents the emotional responses evoked by tweets during cri-

sis events such as earthquakes, floods, typhoons, shootings, and wildfires. Fear

emerges as the predominant emotion across all events, particularly in wildfires

(87%) and earthquakes (76%), highlighting immediate safety concerns. Sadness is

also notable, especially in flood (33%) and typhoon (12%) tweets, likely reflecting

feelings of loss due to widespread devastation. Interestingly, shooting events show

significant anger (19%) in addition to fear, likely indicating public frustration and

calls for action. Neutral tweets are relatively common in floods (33%), earthquakes,

and typhoons (12% each), possibly indicating informational content rather than

emotional expression. Less common emotions such as joy, surprise, and anger

appear infrequently, highlighting the emotional intensity associated with these

crises.
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fear

76%

sadness

4%

neutral

12% surprise
4%

joy4%

earthquake

fear

33%

sadness 30%

neutral

33%

joy4%

flood

anger3%

fear

72%

sadness

9% neutral

12%
surprise2% joy1%

typhoon

anger

19%

fear
70%

sadness

3% surprise
8%

shooting

anger1%

fear
87%

sadness

1% neutral
9%

surprise2%

wildfire

Figure 5.12: Emotion Pie Chart Generated by Different Event Types: Earth-
quake, Flood, Typhoon, Shooting, andWildfire.
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neutral
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neutral
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82%
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18%
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Figure 5.13: Emotion Pie Chart Generated by Actionable Information
Sources: Activities → Finance, Environment → Community , Environment →
Market , People → Practice, and Vision → Social Strategy.
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Emotion charts for actionable information sources reveal fear as the dominant

emotion across all categories, reflecting widespread crisis-related anxiety. In Ac-

tivities → Finance, 55% of tweets express fear, with smaller amounts of sadness

and anger indicating financial strain. Environment → Community shows 75% fear,

reflecting intense community concern in environmental crises, while Environment

→Market registers 62% fear, reflecting anxiety over supply disruptions. People →

Practice exhibits 75% fear, emphasizing urgency for safety, with 21% neutral tweets

suggesting practical focus. Vision → Social Strategy shows the highest fear level

(82%), indicating deep concern over disaster management.

Each crisis type has a unique emotional profile: wildfires evoke intense fear,

floods a mix of fear and sadness, and shootings show notable anger. This analysis

highlights fear as the predominant response to crises, with emotional variations

based on disaster type.

Topic Modeling

Topic modeling is a technique used to identify abstract topics by analyzing the

co-occurrence of words within a set of documents. Details on this method are

provided in sub-section 4.2.7. Tweets from actionable information sources were

selected for this analysis.

Figure 5.14 presents the results of topic modeling in a dual y-axis bar graph,

where translucent bars represent word counts (left y-axis) and solid colors indicate

word importance (right y-axis). Each topic is composed of 10 words, ranked by

their relevance, offering insight into its underlying theme.

• Topic 0: Keywords such as "power", "storm", "damage", and "wind" indicate

discussions on storm preparation, damage, and power outages.

• Topic 1: Focuses on recovery updates, with terms like "road", "news", and
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Figure 5.14: Bar Charts Presenting the Result of Topic Modeling on Highly
Relevant Tweets of Actionable Information Sources: Eight Topic Containing
Words in X-Axis, and its Count, andWeight in Y-Axis.

"recovery" addressing infrastructure and reporting.

• Topic 2: Centers on air quality issues, likely due to wildfires or pollution, with

mentions of traffic reflecting commuting impacts.

• Topic 3: Emphasizes assistance requests, donations, and family safety during

evacuations, highlighting coordinated aid.
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• Topic 4: Discusses shelter services and the status of homes, aiming to provide

safety for displaced individuals.

• Topic 5: Relates to police activities, protests, and safety during crises, notably

in public disturbances or shootings.

• Topic 6: Vaguely references help needed in specific areas, like downtown

locations.

• Topic 7: Focuses on evacuation orders and the urgency in mandatory evacu-

ation situations.

Overall, these topics capture high-level public concerns, from safety and assis-

tance needs to infrastructure and air quality issues, which are critical for prioritizing

requirements. The insights offered by topic modeling can guide authorities in ad-

dressing key themes, enhancing crisis management systems, andmeeting public

needs effectively.

Techniques like word clouds, emotion analysis, and topic modeling offer pow-

erful tools for analyzing tweet characteristics during crisis events. Together, these

methods enable requirements engineers to prioritize user-centered needs, make

informed decisions, and tailor solutions to specific crisis contexts.

5.2.6 Extracting Requirements FromHighly Relevant

Tweets using LLM

The final step of this framework is to extract actionable requirements. The previous

stages of themethodology serve to filter vast amounts of data, discarding irrelevant

information and prioritizing relevant tweets. By applying a requirements engi-

neering taxonomy, tweets are categorized according to their information sources,

enabling the extraction of specific, targeted requirements from each source.
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Table 5.6: Overview of Number of Clusters and Requirements Generated for
Each Actionable Information Sources.

TELIS Information Sources Clusters Requirements
Environment →Market 6 20
Activities → Finance 3 16
People → Practice 5 20
Environment → Community 3 15
Vision → Social Strategy 4 16

To extract requirements through tweets, prompt based LLMs are employed.

As detailed in sub-section 4.2.8, a 2-2-step prompting approach is taken to both

extract and validate requirements generated from LLMs. Using 125 highly relevant

tweets across actionable information sources, this approach produced 21 clusters

and a total of 87 requirements. The distribution of requirements by information

type is shown in Table 5.6.

The full set of extracted requirements from all information sources is available

in Appendix 7.2. Here, only the responses from the Finance sub-category under

Activities category are shown. Prompt-1 was used to group similar tweets and

assign a title to each cluster, with the model’s output displayed in Figure 5.15.
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Figure 5.15: Response 1 - Tweets Clustered Based on Similar Themes (Ac-

tivities → Finance)

Cluster 1: Donation Appeals for Disaster Relief
- Tweet 1: "let me know if you?re interested in donating supplies for people in the wilmington area who
were affected by hurricane florence!! i?m trying to collect as many things as i can to bring back to
wilmington. here?s a list of items that are being collected:"
- Tweet 3: "devastation and destruction devastation and destruction as far as the eye can see. help us
help people in #mozambique #beira #cyclone #zimbabwe #malawi recover from this #disaster. donate
now: shelter the world"
- Tweet 4: "rt @safeworld4women: r @weavewomen: call for help - bohol, philippines earthquake relief
donations needed urgently to support relief and.. ?"
- Tweet 6: "any form of help (be it volunteering or donations) are very much welcomed and appreciated.
thank you?"
- Tweet 7: "?request for donations for families with children &amp; dependent adults that have been
forced to evacuate due to forest fires in northern alberta. ? anyone in edmonton area that wants to
support families in need."
- Tweet 8: "we are collecting donations for victims of the durban floods that occurred yesterday. kindly
assist?"
- Tweet 10: "urgent appeal for kzn &amp; eastern cape floods help us address the needs of people who
have been badly affected by the floods with clothing blankets or other household goods. contribute now
in cash or kind fnb lenasia br 250737 crescent of hope 55280063196 zakaat 55280063188 lillah"
- Tweet 11: "the visitor center is accepting these items on behalf of the alumni association in order to
help those affected by hurricane florence. stop by and drop off your items!"
- Tweet 12: "this is a great donation opportunity. north carolina got hit brutally by hurricane florence
and could use your help!!!"
- Tweet 13: "you can donate directly to the #mozambique @ifrc relief funds here: cyclone kenneth and
idai went under the radar for most due to a lack of coverage. it is time to take a stand and show the
world we care. we are all human. let is be amazing together."
- Tweet 14: "conditions on the ground in mozambique, malawi and zimbabwe as we speak, as a result of
cyclone idai. as volunteers continue the relief work on the ground, they need your help. anything you
can give is appreciated."
- Tweet 15: "proud ofmy company@bankofamerica who immediately provided support to the @redcross
to help the states affected prepare. please consider donating by sending a text to redcross at 90999 to
give $10 to american red cross disaster relief for #hurricaneflorence"
- Tweet 16: "there will be a lot of people in need after being off work all week for storm. donate your
unused hurricane food to one of our 50 locations. we accept: all non perishable foods, diapers, formula,
pet food, school supplies, gift cards, & monetary donations through our fb page."
- Tweet 17: "pinnacle nutrition wants to help those affected by hurricane florence. come by and donate
nonperishable foods, bottled water or donate money towards our fundraiser and receive a coupon?"
- Tweet 18: "please consider donating for the victims of #hurricaneflorence. text ?florence? to 90999 and
$10 will be donated to the american red cross. .@redcross"
- Tweet 19: "storm is "wreaking havoc " on farms, businesses, communities. disaster relief fund has been
activated. is taking donations #hurricaneflorence"
- Tweet 21: "hearing from teams on the ground that #cyclonekenneth has been even worse than
#cycloneidai. please donate if you can. communities are in desperate need."
- Tweet 22: "the high level friendship centre food bank will need support in order to replenish any lost
stock after recovery. to make a donations to support their efforts directly please donate and select ’ high
level fire assistance" fund. donate here -&gt;"
- Tweet 23: "residents from #highlevelalberta need financial aid now to help them through the #wildfire!
?@cape_doctors? ?@jvipondmd? ?@rockyferoe? #abpoli"
- Tweet 24: "message from the msgc executive #paddleprairiemetissettlement #abwildfire #evacuees if
you would like to make a donation in edmonton we will be accepting at suite 101, 10335 172 street and
delivering wednesday evening or thursday morning. our prayers are with u"
- Tweet 26: "raleigh friends and family, lynwood brewing concern is accepting donations to help our enc
neighbors. please consider dropping off water, can goods, diapers, etc. anything helps! #carolinastrong"
- Tweet 29: "please donate to the red cross @redcrosscanada to help with the evacuation support.
#ymmfire"
- Tweet 32: "@cyrilramaphosa i want to make a difference - i want to donate clorhing to the flood victims
in ec and kzn"
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Response 1 continued..

Cluster 2: Government and Organizational Support for Disaster Relief
- Tweet 2: "#un to probe sex-for-food aid allegations after #mozambique?s cyclone idai #kenya secures
$2.23 bln from #china for data centre, highway #nigeria and #saudiarabia to draft mou on #oil and gas ?
nigeria ministry #southafrica?s amcu union says it hasn?t broken labour laws #rr"
- Tweet 5: "emergency grants should be available to all impoverished countries in response to disasters
like idai, especially those linked to the climate breakdown primarily caused by richer countries in the
global north?. reach for the skies: new plane increases efficiency of wfp emergency response in flood-hit
mozambique at noon on 29 march, 2019, a casa c-295h cargo aircraft carrying 5.2 tonnes of vital food
relief touched down on a short runway in? rt @raelawrence1: time to donate to @redcrosscanada. blood,
money, time. anything &amp; everything helps #ymmfire hello peoples!!!! we have a very small outreach
program for those who have been greatly affected by the 6.1 magnitude earthquake in pampanga and
we need every help we can get."
- Tweet 20: "#governmentmessagesoftheday pledges and donations can be directed to the kzn relief fund
on 083 796 0118. the port st johns disaster satellite centre can be contacted on 073 596 8082 #kznfloods
#durbanflood"
- Tweet 27: "this is the first time in recorded history that two strong tropical cyclones have hit
mozambique in the same cyclone season. an estimated 1.7 million people are in need of urgent food
and nutritional support"
- Tweet 30: "#telmacomores ?? supports the affected populations ? of the cyclone #kenneth ? on the 3
islands ? basic necessities ?, rice, drinking water, sardines, sugar, milk, were delivered today to the first
aid centre ? #solidarity ? #comoros ?? #kenneth"
- Tweet 31: "south africa: relief funds allocated for floods | khalil humam -"

Cluster 3: Community Support and Volunteer Efforts
- Tweet 9: "rt @mscandice_uc: we are set up and ready to go! help #cebu. all you need to do is drop off
donations at uc-banilad"
- Tweet 28: "she welcomes the financial help and says she?ll use the money to pay off her credit card, buy
gas and keep her generator running. #highlevelfire #abwildfire"
- Tweet 25: "@dieselbrostv can you help us feed the people of carolina?s bu providing us @wckitchen
delivery vehicle to go through the flood waters here in north carolina ?!? @chefjoseandres @natemook"
- Tweet 33: "attention all good samaritans: the native friendship centre in slave lake is helping high level
fire evacuees and they are in desperate need of socks and underwear in all sizes as well as towels. if you
can, please help by donating or spreading the word ??"

Other
- None

The response from the first prompt resulted in clusters formed based on tweet

similarity, with each cluster assigned a topic reflecting its common theme. For

"Activities → Finance" information cluster, three clusters were created, one is "Do-

nation Appeals for Disaster Relief" that contains tweets that asks for any support

of funds or items, and another is "Urgent Needs and Support for Affected Com-

munities" that contains tweets that is looking for disaster relief support from a

government body, and last is "Community Support and Volunteer Efforts" that

contains tweets related to support needed from community.

Once the response is generated by the LLM, it undergoes validation through

a self-check prompting technique. In this self-check prompt, the original set of
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tweets along with the response from Prompt-1 is fed into Self-Check-Prompt-1, as

described in sub-section 4.2.8. The resulting output from this validation step is

displayed in Figure 5.16.

Figure 5.16: Self-check Response 1 - Validates the Creation of Clusters

(Activities → Finance)

Cluster 1: Donation Appeals for Disaster Relief
1) Yes
2) Yes
3) Yes
4) Yes
5) Yes
6) Yes

Cluster 2: Urgent Needs and Support for Affected Communities
1) Yes
2) Yes
3) Yes
4) Yes
5) Yes
6) Yes

Cluster 3: Community Support and Volunteer Efforts
1) Yes
2) Yes
3) Yes
4) Yes
5) Yes
6) Yes

Final Verdict: Pass

Self-Check Prompt-1 evaluates the initial response by asking six targeted ques-

tions to verify if the clustering and labeling were conducted as instructed and based

on the provided data. Each response is reviewed through this process, and only

those receiving a final verdict of "pass" proceed to the next step.

Once validated, the response is fed into Prompt-2, which extracts specific re-

quirements from these tweet clusters. These requirements represent the core

requests and needs expressed in the tweets. Similar tweets are grouped to form

topics, each with a descriptive summary. The output of Prompt-2 is displayed in

Figure 5.17.
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5. Empirical Results

Figure 5.17: Response 2 - Extraction of Requirements Through Clustered

Tweets (Activities → Finance)

Cluster 1: Donation Appeals for Disaster Relief
The tweets in this cluster highlight urgent appeals for donations and support for various disaster-affected
areas, particularly in response to hurricanes, floods, and cyclones. The key requirements identified
include:
1. Collection of Supplies: There is a strong need for specific supplies for individuals affected by Hurri-
cane Florence in Wilmington, North Carolina (Tweet 1). A detailed list of items is being compiled to
assist those in need.
2. Financial Donations: Multiple tweets emphasize the importance of monetary contributions to sup-
port relief efforts in Mozambique, Zimbabwe, andMalawi following Cyclone Idai and Cyclone Kenneth
(Tweets 3, 13, 21). The need for cash donations is critical to facilitate immediate relief operations.
3. Urgent Appeals for Clothing and Household Goods: There are calls for clothing, blankets, and other
household items for those affected by floods in KZN and Eastern Cape (Tweet 10). This indicates a
pressing requirement for basic necessities to help families recover.
4. Volunteering and Community Support: Several tweets express the need for volunteers to assist in
collecting and distributing supplies (Tweet 6). Community involvement is crucial for effective disaster
response.
5. Specific Needs for Families: There are targeted requests for donations to support families with
children and dependent adults who have been evacuated due to forest fires in Northern Alberta (Tweet
7). This highlights the need for tailored support for vulnerable groups.
6. Food and Essential Supplies: The collection of non-perishable food items, bottled water, and other
essentials is emphasized, particularly for those affected by Hurricane Florence (Tweets 16, 17, 26).
7. Awareness and Fundraising Initiatives: Tweets encourage individuals to participate in fundraising
efforts, such as donating to the Red Cross or local food banks (Tweets 15, 29). This indicates a broader
need for awareness and community mobilization to support disaster relief.
Overall, the tweets collectively underscore the urgent need for donations, both in kind and financially,
to support various communities affected by recent disasters.
Reference tweet numbers: 1, 3, 4, 6, 7, 8, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 21, 22, 23, 24, 26, 29, 32.
—
Cluster 2: Urgent Needs and Support for Affected Communities
This cluster focuses on the urgent needs of communities affected by disasters, particularly in Mozam-
bique and South Africa. The identified requirements include:
1. Emergency Grants and Financial Aid: There is a call for emergency grants to be made available to
impoverished countries affected by disasters, particularly those linked to climate change (Tweet 5). This
highlights the need for systemic support to address the long-term impacts of such events.
2. Food and Nutritional Support: An alarming statistic indicates that approximately 1.7 million people
in Mozambique require urgent food and nutritional assistance following the recent cyclones (Tweet 27).
This underscores the critical need for food relief efforts.
3. Direct Contact for Donations: Specific contact information for donation pledges and support is
provided for the KZN relief fund (Tweet 20). This facilitates direct action for those wishing to contribute.
4. Basic Necessities for Affected Populations: There are mentions of delivering essential items such as
rice, drinking water, and other basic necessities to affected populations in Comoros (Tweet 30). This
indicates a need for logistical support in delivering aid.
5. Government and Organizational Support: The tweets reflect a need for coordinated efforts between
governments and organizations to ensure that relief funds are allocated effectively (Tweet 31).
The overall message from this cluster is the urgent need for both immediate and long-term support for
communities affected by disasters, emphasizing the importance of food security and financial assis-
tance.
Reference tweet numbers: 2, 5, 20, 27, 30, 31.
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Response 2 continued..

Cluster 3: Community Support and Volunteer Efforts
This cluster highlights the community-driven efforts to support those affected by disasters, showcasing
the importance of volunteerism and local initiatives. The key requirements identified include:
1. Donation Drives: There are organized efforts to collect donations for affected communities, such as
the call for supplies in Cebu (Tweet 9). This indicates a structured approach to gathering resources.
2. Financial Assistance for Individuals: One tweet mentions an individual using financial help to cover
essential expenses, highlighting the need for direct financial support for those impacted by disasters
(Tweet 28).
3. Feeding Initiatives: There is a request for assistance in providing food to those affected by floods in
North Carolina, emphasizing the need for logistical support in delivering meals (Tweet 25).
4. Specific ItemRequests: The need for specific items such as socks, underwear, and towels for evacuees
from the High Level fire is highlighted (Tweet 33). This indicates a focused approach to addressing the
immediate needs of displaced individuals.
The tweets in this cluster collectively emphasize the importance of community involvement and the
need for specific items and financial support to assist those affected by disasters.
Reference tweet numbers: 9, 25, 28, 33.

The response from Prompt-2 summarizes the needs and requests from tweets

into specific requirements. These requirements provide clear explanations of user

expectations and include "reference tweet numbers" to trace each requirement

back to its original tweets for added clarity. For example, Cluster 1 is based on 23

tweets, resulting in seven key requirements focused on disaster relief donations.

Each requirement addresses the practical needs expressed in the tweets, presenting

them in an organized, actionable format.

For each cluster, Self-Check Prompt-2 verifies whether the response meets

expectations, ensuring that the model has accurately derived requirements based

on the input data, without hallucinating. The output of this validation step is shown

in Figure 5.18.
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Figure 5.18: Self-check Response 2 - Validates the Extracted Requirements

(Activities → Finance)

1. Cluster 1:
- Is the summary accurate with the context of referenced tweet numbers? Yes
- Do the summary represent the cluster title? Yes
- Are the tweet numbers valid? Yes
- Did it create a paragraph that summarized the cluster? Yes

2. Cluster 2:
- Is the summary accurate with the context of referenced tweet numbers? Yes
- Do the summary represent the cluster title? Yes
- Are the tweet numbers valid? Yes
- Did it create a paragraph that summarized the cluster? Yes

3. Cluster 3:
- Is the summary accurate with the context of referenced tweet numbers? Yes
- Do the summary represent the cluster title? Yes
- Are the tweet numbers valid? Yes
- Did it create a paragraph that summarized the cluster? Yes

Final Verdict: Pass

This LLM-based process effectively extracts requirements from highly relevant

tweets, which is critical during elicitation of crisis-response software. Since each

extracted requirement is linked back to its originating tweet, requirements can be

readily traced to their original context, enabling clarity and precision.

Implementing this framework assists requirements engineers by drastically

reducing the time needed to search through vast volumes of tweets, pinpointing

the core issues and public sentiment for more informed decision-making. The

framework automatically categorizes large tweet datasets by information source

and assesses tweet priority, filtering out actionable data fromnoise. Analytical tools

like word clouds, emotion charts, and topic modeling further enhance importance

and urgency by highlighting the traits of each cluster, including sentiment, keyword

significance, and recurring themes. The actionable requirements derived from

these tweets provide a comprehensive, community-informed plan, driven by real-

time insights generated during a crisis.
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5.3 RQ3: Translating Requirements to Software

Features & Analyzing Requirements Gap

Once the requirements are extracted from crisis related tweets, this requirements

are then transformed into a software feature and compared with features extracted

from current crisis management apps in Play Store.

5.3.1 Converting Requirements to Features

LLMs were used to translate these requirements into features to automate this

process. The methods for transforming the extracted requirements are explained

in detail in Section 4.3. To demonstrate the capability of these LLM, the objective

was set to create a software feature plan for: "Crisis or Emergency Management

App".

To translate these requirements using LLM, all the requirements extracted from

actionable information sources were provided as context and asked to create the

maximum possible features using the given requirements with description and

reference to the requirements that were used to create these features. The output

from LLM is a set of 85 relevant features for the given objective. Some examples of

translated features are provided below.

Real-time Updates

Users receive timely updates from emergency services, such as alerts from Alberta’s emergency system,

to stay informed and safe during crises.

Source: People → Practice, Cluster: Crisis Communication and Updates, Title: Real-time Updates

Power Restoration Updates

Provides updates on power restoration efforts post-disaster, aiding residents in planning their return

home.

Source: Environment → Market, Cluster: Updates and Notifications Regarding Events, Title: Power

Restoration Updates
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5.3.2 Evaluation of Features Between Translated Features

and Play Store App

Themethodology for querying apps from the Play Store and extracting app descrip-

tions andmetadata is detailed in sub-section 4.3.2. By analyzing the descriptions

and metadata of 32 unique crisis-related mobile apps, a total of 123 features were

extracted after combining features between apps.

Features translated through this study’s methodology were compared with

those extracted from existing crisis and emergency apps. Each feature from Play

Store apps was matched to the translated features by assessing semantic similarity

using embeddings generated by S-BERT and comparing themwith cosine similarity

scores. This comparison enabled an assessment of how well the LLM-translated,

social media-derived features aligned with features from current mobile apps rele-

vant to crisis management. The results of this comparison are visualized in Figure

5.19, and described below based on three scenarios.

Figure 5.19: Venn Diagram Representing the Three Scenario of Feature
Comparison

• Scenario 1: Translated features from our study that exist in current crisis
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and emergency apps.

– 93 features out of 123 features matched with the translated one, where

53 features were matched directly using a threshold of 0.5 with an

average similarity score of 0.5946. The remaining 70 features were

manually inspected setting a lower similarity cut-off threshold of 0.3

to find similar features, among which 40 features matched with an

average similarity score of 0.4020.

• Scenario 2: Translated features from our study do not exist in current

crisis and emergency apps.

– 34 translated features did not match with features from current crisis

and emergency apps.

– Some of the feature titles are Report on Destruction of Homes and

Infrastructure, School Bus Cancellations, Mental Health andWellness

Support, Animal Welfare, Family Reunification, Specific Item Requests,

etc.

• Scenario 3: The features that exist in current crisis and emergency apps

were not found in translated features from our study.

– 30 features fromcurrent appsdidnotmatchwith the translated features.

Among these, 10 features were redundant in terms of functionality.

– Some of these features were: Sharing the phone’s GPS position, SOS

timer and trigger, Interactive indoor and outdoor maps, Smartwatch

features like speed dial to SOS, etc.

The comparison showed that 75.6% of the translated features matched those

available in current emergency and crisis apps, indicating that the requirements

extracted through this study’s methodology align closely with the needs of people
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during crises. Unique features identified through our approach, which were absent

in existing apps, represent highly relevant user requirements from crisis events that

can be used as new requirement for future app updates. These unique features

can be traced back to specific requirements using reference data for further con-

text. Additionally, the 17.7% of features were unique to play store apps, suggesting

potential gaps in the extracted requirements or a lack of discussion around these

topics during crisis events.
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Chapter 6

Discussion and Limitations

6.1 Discussion

In this chapter, we interpret the results of our study in relation to the research ques-

tions and existing literature. By addressing each research question individually, we

aim to demonstrate how our findings contribute to the field of crisis management.

6.1.1 Addressing RQ1: Analyzing Actionable Tweets for

First Responders During Crises

Addressing RQ1, the primary objective was to identify which tweets are most ac-

tionable for first responders and to determine their prevalence during crises. Our

results showed that only a small percentage of tweets contain high priority, ac-

tionable information, with limited information types containing most of these

tweets. These findings align with previous work by McCreadie et al. (2019, 2020)

suggesting that focused extraction on specific tweet clustersmay significantly assist

first responders. A similar distribution has been observed in other studies, such as

Spasojevic and Rao (2015), where only 1.52% of data were found to be actionable,
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and Kiatpanont et al. (2016), where 2.65% of data were identified as actionable.

This highlights the importance of developing methods to prioritize high-impact

tweets to maximize timely response and resource allocation during crises. These

insights guided the selection of attributes to filter actionable tweets relevant to

requirements engineers in subsequent research questions.

6.1.2 Addressing RQ2: Extracting Requirements from

Actionable Tweets for Requirements Engineers

Answering RQ2 involved developing a framework to analyze and classify tweets

for requirements extraction in crisis management. However, a significant chal-

lenge was effectively fine-tuningmachine learningmodels to automatically classify

tweets, as noted in previous studies (Imran et al. (2013); Spasojevic and Rao (2015);

Kiatpanont et al. (2016); McCreadie et al. (2019); Kruspe et al. (2021)). Before adopt-

ing a hierarchical approach for classification, attempts to classify tweets using a

flat single model yielded suboptimal results. The model often struggled to classify

multiple categories accurately, likely due to data imbalance across classes and a

limited supply of annotated data. The high number of classes intensified this issue,

as certain categories were underrepresented, making it difficult for the model to

learn distinctive features and achieve reliable classification performance.

Introducing a hierarchical approach addressed these, leading to significant

improvements. We observed that hierarchical classification improvedmodel per-

formance, with accuracy increases of 15% to 50% over a flat single-model approach.

Angiani et al. (2016) also experienced approximately 5-10% overall improvement

compared to the flat classifier across the emotion categories. These results suggest

that using a structured, multi-level classification could be a valuable approach

when handling complex social media datasets for crisis response. However, model
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performance was not optimal across all information sources and priority classes,

with certain classes proving to be challenging to identify. This phenomenon has

also been observed in other studies, where some specific classes were notably

harder to classify (Imran et al. (2013); Ghosh et al. (2017)). While selecting features

for fine-tuning the model, we experimented with various features such as hashtags,

mentions, presence of URLs, and word counts. However, for transformer models,

the best performance was achieved using only textual data, while n-grams yielded

the best results for traditional models. The models’ hyper-parameters were opti-

mized through grid search cross-validation. Since TELIS information sources have

not yet been widely adopted for crisis management, this presents an opportunity

for future research to refine the models and expand upon their application.

Tools and techniques such as word clouds, emotion analysis, and topic model-

ing are utilized to prioritize and identify key requirements by analyzing the most

discussed words, cluster sentiments, and the importance of keywords within dis-

cussion topics. While these techniques alone may not provide sufficient detail

for direct action, when combined with extracted requirements, they enhance un-

derstanding. Additionally, they assist requirements engineers in selecting and

prioritizing requirements once extracted.

Another key challenge involved fine-tuning the prompts used for requirements

extraction. There were instances where using a single prompt to extract the require-

ments resulted in generating inaccurate or irrelevant information. As stated by Xu

et al. (2024), hallucination in LLMs is inherently unavoidable due to its inability

to learn all of the computable functions. However, by iteratively refining prompts

and adopting chain-of-thought (Wei et al. (2023)) and the chain-of-verification

(Dhuliawala et al. (2023)) technique, where a complex prompt was broken down to

multiple simple tasks and self-check (Manakul et al. (2023)) prompt, we were able

to extract useful, actionable requirements and verify them by minimizing halluci-
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nations as also observed in Tonmoy et al. (2024). A framework such as CO-STAR

(Teo (2023)) helped, where prompt instructions were divided into separate sections,

making it easier to understand. These strategies significantly improved the LLMs

response accuracy, though prompt refinement remains essential for optimizing

requirements extraction.

6.1.3 Addressing RQ3: Translating Requirements to

Software Features & Analyzing Requirements Gap

Lastly, RQ3 investigated how effectively LLMs can translate actionable require-

ments extracted from tweets into potential software features for crisis management

applications (Wei (2024)). To validate the effectiveness, we compared the translated

features obtained in this research with features extracted from current mobile apps

from the Play Store. This comparison yielded a 75.6%match in semantic similarity,

which strongly validates the effectiveness of our framework in identifying relevant

software features directly from social media data. These results suggest that the

most critical requirements for general crisismanagement applications tend to align

with the categories identified as actionable information sources, emphasizing the

importance of extracting data from these targeted areas for general crisis-related

software development.

To ensure accuracy, we established a semantic similarity threshold of 0.5 for

automatic matching. All matching features were then further manually inspected,

focusing on the top three semantically similarmatches for each feature. Any feature

falling below this threshold wasmanually evaluatedwith the assistance of an expert

in software engineering with 3+ years of experience. This process introduced the

potential for human bias, yet we minimized it by setting a lower similarity cut-

off score (0.3) for manual review, thus ensuring that only highly similar features
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underwent inspection.

Additionally, 34 features extracted from social media data did not align with

features in existing applications. These unmatched features suggest that social

media-derived requirements may provide more nuanced insights into emerging

needs during crises that have not yet been reflected in existing applications (Nayebi

et al. (2017b)). This finding highlights the potential of socialmedia as being a source

for uncovering unique, real-time requirements that can inform the development of

more responsive and adaptive crisis management tools.

Retrieval-augmented generation (RAG) (Lewis et al. (2020)) was also tested to

retrieve relevant requirements dynamically instead of presenting all requirements

at once. However, this approach did not significantly favour our objective. For

niche applications where there are larger andmore diverse sets of requirements,

RAG could still be a valuable option to improve focus and relevance.

6.1.4 Additional Analyses

In addition to the main analyses presented, we also conducted an exploratory

analysis on the relationship of priorities between tweets of first responders and

requirements engineers. This comparison aimed to determine how different priori-

ties align across these roles, given their distinct focus: First Responders prioritize

immediate, actionable information to address crisis events, while Requirements

Engineers focus on understanding user needs and system requirements for long-

term planning. The analysis used a correlation matrix, employing the Pearson

correlation coefficient, to identify potential relationships between priority classes

and a heatmap of requirements engineers priority between the information types

and information sources to find any correlations between these categories. After

the analysis of the correlation and distribution of priority between the categories,

the correlation was not significant enough to be included in the study.
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Figure 6.1: Normalized Priority of Requirements Engineers Distributed Be-
tween TELIS and TREC-IS Categories.

The priority labels of each tweet were converted into continuous variables

to facilitate numerical analysis. For first responders, priority labels such as Low,

Medium, High, and Critical were assigned values of 0.25, 0.5, 0.75, and 1, respec-

tively. Similarly, for requirements engineers, labels such as Low, Low toMedium,

Low toHigh, andHighly Relevant and Importantweremapped to 0.25, 0.5, 0.75, and

1, respectively. This conversion standardized the text-based labels into a numerical

scale, enabling analysis of the priority concentration of tweets within each cluster.

Priority values were grouped based on both categories, and the total number of

tweets per cluster per priority level was calculated. These values were then aggre-

gated to create a combined priority matrix. Finally, the matrix was normalized by

dividing each value by the total number of tweets in the corresponding cluster, en-

suring proportional representation of priority levels. The heatmap shown in Figure

6.1 highlights correlated clusters by normalized priority of requirements engineers.

For example, "Infrastructure → IT Artifacts" is closely associated with "FirstPartyOb-

servation" and "MultimediaShare", emphasizing the importance of IT infrastruc-
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ture for gathering observations and sharing multimedia during crises. Similarly,

"Infrastructure → Private Artifacts [Present]" aligns with "SearchAndRescue" and

"MovePeople", reflecting shared high-priority tweets. Additionally, "Environment

→ Community" correlates strongly with "Donations", revealing the role of commu-

nity involvement in donation efforts. Overall, this comparison demonstrates how

tweet priorities align with specific information types and sources.

6.1.5 Conclusion

In conclusion, our framework addresses key research gaps and builds on prior

studies by not only identifying actionable tweets but also extracting specific require-

ments and translating them as software features through a structured approach

utilizing social media data. These findings contribute to enhancing requirements

engineering processes in the development of emergencymanagement applications

and to support more informed decision-making.

6.2 Limitations

• Data Availability: The reliance on publicly available datasets like TREC-IS

2019 limits access to all relevant tweets, potentially impacting the complete-

ness of crisis event analysis due to platform restrictions such as API limits.

• Data Reliability: Crowdsourced data from social media, especially Twitter,

includes noisy information like misinformation, duplicates, and irrelevant

content. Despite efforts to normalize and filter tweets, it remains challenging

to accurately prioritize relevant tweets.

• Model Generalization:While the machine learning models performed well

in classifying actionable tweets, they were trained on past crisis data, which
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may limit their ability to generalize to future, unforeseen crisis events.

• Drawbacks of Hierarchical Model: While the hierarchical model improves

classification of imbalanced data due to large number of classes, it has a

significant drawback which is that if information is lost at the first level, it

can severely impact the overall performance, as errors or missing data early

on can propagate through subsequent levels.

• Human Annotation Bias: The tweet annotation process introduces poten-

tial human bias, as judgments about tweet priority and actionability, though

guided by a taxonomy, can be subjective. However, the use of multiple anno-

tators should minimize the overall bias in the dataset.

• Crisis-Specific Focus: The framework was tested on a limited set of crisis

events, mainly natural disasters. The applicability of the findings to other

types of crises (e.g., cyberattacks, pandemics) needs further investigation.

• AppComparison: Thecomparisonof extracted software featureswas limited

to apps foundusing "crisis app", "crisismanagement app", "emergency app",

and "emergency management app" keywords from the Google Play Store,

excluding other potentially useful tools or proprietary systems that may be

available elsewhere.

• Real-Time ImplementationChallenges:While the framework showspromise,

implementing it in real-time crisis scenarios could be difficult due to the

need for rapid data processing, continuousmodel retraining, and immediate

decision-making.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

This study introduced a novel framework for leveraging social media data, specifi-

cally tweets, to identify actionable requirements and translate them into software

features for crisis and emergency management. By focusing on critical attributes

like priority, and information sources, the proposed methodology significantly

reduces themanual effort required to filter and analyze large datasets. This enables

stakeholders such as requirements engineers, crisis managers, and government

personnel to rapidly access and utilize highly relevant information during crisis

events.

Key findings indicate that less than 25% of tweets were identified as actionable,

highlighting the need for efficient classification mechanisms. The hierarchical clas-

sification using fine-tuned model demonstrated high precision for most categories

in prioritizing tweets, effectively mitigating information overload and simplifying

decision-making. However, further research is required on improving the effec-

tiveness of these models. Leveraging the capabilities of LLMs, actionable tweets

were translated into software requirements using prompt based LLM. Furthermore,
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these actionable requirements were successfully translated into software features,

achieving a 75.6% alignment with features in 32 existing crisis management apps.

This validation demonstrates the real-world applicability of the proposed method

while also uncovering gaps in current solutions. Unique features identified through

the study, such as "Report on Destruction of Homes and Infrastructure", "School

Bus Cancellations", "Specific Item Requests", "Mental Health andWellness Sup-

port", "Animal Welfare", and "Family Reunification" reflect emerging needs that

can inform future app development.

Beyond crisis management, this framework highlights the potential for interdis-

ciplinary applications, such as public health, urban planning, or disaster response.

The integration of NLP, machine learning models and LLMs with requirements

engineering demonstrates the value of automating traditionally labor-intensive

processes, paving the way for more scalable and user-centered software solutions.

7.2 Future Work

In this thesis, we addressed several research questions. There are however further

research questions that need to be discussed. With this in mind we propose a

number of enhancements and natural extensions to this research work for future

exploration:

• In this research, we selected Twitter as the only social media providing data

to demonstrate the capability of the methodology. This could be increased

with data from other widely used apps like Facebook, Instagram, Reddit,

etc. Also, only the text of tweets were considered to extract requirements.

However, use of metadata such as user profiles, locations, likes, shares, and

comments also help to unveil important information. It could also be helpful

to have trusted profiles based on usage history in the platform.
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• To identify actionable requirements, we use the TELIS taxonomy and tweet

priorities as this was already well established and adopted as taxonomies

for requirements engineers. However, there are many other taxonomies that

exist that might be better suited for gathering requirements for requirements

engineers. Research on different available taxonomies or creating custom

taxonomies for crisis events would therefore be beneficial.

• Due to the constraints in resources and time, we selected 1,226 tweets rang-

ing from crisis events like earthquakes, floods, wildfires, shootings, and

typhoons for the annotation process. This data is limited and based on the

understanding of the annotators. A larger dataset with a wide range of crisis

events could be annotated, resulting in better performance of the models,

and new insights could also be extracted.

• The classification methodology and models’ performance is based on the

context aware state-of-the-art models in current times. With the exponential

advancements in transformer-basedAI, a newmodel couldbeused to classify

and expect a higher performance with better reasoning capabilities.

• The extraction and translation of requirements were performed using the

latest Open AI GPT-4o. These models constantly evolve, so using newer

model couldprovidebetter response and self-check, eliminating the constant

trust and hallucination issues that current models exhibit.

• Our research is mainly focused on extracting requirements for requirements

engineers in assisting the decision-making process for requirements elicita-

tion of software development. The methodology, including data andmodels,

is specifically trained for crisis events and requirements engineers as core

elements. This could be easily modified or transferable to other domains

by charging the data and the criteria for annotation. The rest of the process
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would still be applicable, and the LLM should be able to extract require-

ments based on the objective. Hence, the research could be done to replicate

the study for other domains, such as urban planning, government plans,

construction, etc. For instance:

– In urban planning, community needs can be assessed and prioritized

based on surveys or public opinion expressed on social media.

– In government planning, citizens’ sentiments and opinions can be

categorized to facilitate effective communication and planning.

– In construction, buyers’ needs and requirements should be evaluated

to develop plans that align with current market demands.
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Appendix A: Performance Report of Machine Learning Models During
Classification of Information Sources

Table 1: Results of First-Level Classification Models of Information Sources
Containing Precision, Recall, and F1 Metrics

Algorithm Information Source Precision Recall F1

BERT

Activities 0.76 0.42 0.52
Environment 0.48 0.33 0.37
Infrastructure 0.73 0.48 0.57
People 0.81 0.87 0.84
Vision 0 0 0

Distilbert

Activities 0.08 0.02 0.03
Environment 0.42 0.15 0.19
Infrastructure 0.73 0.28 0.4
People 0.74 0.87 0.79
Vision 0 0 0

SetFit

Activities 0.4 0.69 0.51
Environment 0.42 0.4 0.4
Infrastructure 0.44 0.49 0.45
People 0.83 0.69 0.75
Vision 0.2 0.24 0.21

Logistic Regression

Activities 0 0 0
Environment 0.4 0.01 0.02
Infrastructure 0.95 0.08 0.15
People 0.7 0.97 0.81
Vision 0 0 0

Naive Bayes

Activities 0 0 0
Environment 0.65 0.02 0.03
Infrastructure 0.9 0.06 0.11
People 0.69 0.97 0.81
Vision 0 0 0

Support Vector Machines

Activities 0.76 0.24 0.36
Environment 0.59 0.21 0.31
Infrastructure 0.74 0.3 0.42
People 0.77 0.87 0.82
Vision 0.03 0.01 0.01

Logistic Regression

Activities 0 0 0
Environment 0.4 0.01 0.02
Infrastructure 0.95 0.08 0.15
People 0.7 0.97 0.81
Vision 0 0 0

Binary Classification [BERT]

Activities 0.72 0.62 0.65
Environment 0.5 0.25 0.31
Infrastructure 0.69 0.52 0.57
People 0.85 0.84 0.84
Vision 0 0 0

Binary Classification [LR]

Activities 0.6 0.23 0.31
Environment 0.51 0.14 0.2
Infrastructure 0.71 0.27 0.39
People 0.75 0.86 0.8
Vision 0.13 0.09 0.09

Binary Classification [SVM]

Activities 0.79 0.31 0.4
Environment 0.48 0.16 0.22
Infrastructure 0.64 0.34 0.43
People 0.74 0.88 0.8
Vision 0 0 0
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Classification of Information Sources

Table 2: Results of Second-Level Classification Models of Information
Sources Containing Precision, Recall, and F1 Metrics
Algorithm Information

Source
Sub Category Precision Recall F1

BERT

Activities
Finance 0.87 0.83 0.85
Process 0.81 0.84 0.82

Environment
Community 0.63 0.27 0.36
Market 0.39 0.21 0.24
Surroundings 0.83 0.93 0.87

Infrastructure
Private Artifacts [Present] 0.40 0.26 0.31
Public Artifacts 0.66 0.81 0.72

People

Experience 0.45 0.24 0.31
External Actor 0.43 0.09 0.14
Internal Actor 0.53 0.41 0.42
Practice 0 0 0

Vision
Social Strategy 0.84 0.96 0.90
Value Proposition 0 0 0

Distilbert

Activities
Finance 0.64 0.92 0.74
Process 0.58 0.30 0.36

Environment
Community 0 0 0
Market 0.19 0.06 0.08
Surroundings 0.78 0.88 0.82

Infrastructure
Private Artifacts [Present] 0 0 0
Public Artifacts 0.63 0.98 0.76

People

Experience 0.21 0.04 0.06
External Actor 0.12 0.01 0.01
Internal Actor 0.40 0.17 0.22
Practice 0 0 0

Vision
Social Strategy 0.85 1.00 0.92
Value Proposition 0 0 0

SetFit

Activities
Finance 0.96 0.84 0.89
Process 0.85 0.95 0.89

Environment
Community 0.65 0.60 0.61
Market 0.48 0.61 0.53
Surroundings 0.90 0.71 0.79

Infrastructure
Private Artifacts [Present] 0.44 0.35 0.39
Public Artifacts 0.69 0.58 0.63

People

Experience 0.44 0.35 0.39
External Actor 0.31 0.21 0.25
Internal Actor 0.48 0.32 0.38
Practice 0.29 0.33 0.29

Vision
Social Strategy 0.91 0.77 0.83
Value Proposition 0.41 0.60 0.45

152



Appendix A: Performance Report of Machine Learning Models During
Classification of Information Sources

Table 3: Results of Second-Level Classification Models of Information
Sources Containing Precision, Recall, and F1 Metrics (Contd.)
Algorithm Information

Source
Sub Category Precision Recall F1

Logistic Regression

Activities
Finance 0.80 0.95 0.86
Process 0.92 0.71 0.79

Environment
Community 0.60 0.12 0.20
Market 0 0 0
Surroundings 0.79 0.96 0.87

Infrastructure
Private Artifacts [Present] 0 0 0
Public Artifacts 0.60 1.00 0.75

People

Experience 0 0 0
External Actor 0 0 0
Internal Actor 0 0 0
Practice 0 0 0

Vision
Social Strategy 0.77 1.00 0.87
Value Proposition 0 0 0

Naive Bayes

Activities
Finance 0.69 0.99 0.81
Process 0.99 0.46 0.62

Environment
Community 0 0 0
Market 0 0 0
Surroundings 0.72 1.00 0.83

Infrastructure
Private Artifacts [Present] 0.55 0.15 0.22
Public Artifacts 0.62 0.92 0.74

People

Experience 0.54 0.05 0.08
External Actor 0 0 0
Internal Actor 0.60 0.21 0.31
Practice 0 0 0

Vision
Social Strategy 0.77 1.00 0.87
Value Proposition 0 0 0

Support
Vector
Machines

Activities
Finance 0.81 0.93 0.86
Process 0.91 0.73 0.80

Environment
Community 0.73 0.25 0.36
Market 0.25 0.04 0.06
Surroundings 0.81 0.95 0.87

Infrastructure
Private Artifacts [Present] 0.53 0.38 0.44
Public Artifacts 0.66 0.78 0.71

People

Experience 0.43 0.34 0.38
External Actor 0.36 0.13 0.19
Internal Actor 0.47 0.39 0.42
Practice 0.05 0.02 0.03

Vision
Social Strategy 0.80 0.92 0.85
Value Proposition 0.20 0.20 0.20
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Table 4: Results of Second-Level Classification Models of Information
Sources Containing Precision, Recall, and F1 Metrics (Contd.)
Algorithm Information

Source
Sub Category Precision Recall F1

Binary
Classification
[BERT]

Activities
Finance 0.81 0.91 0.85
Process 0.87 0.37 0.48

Environment
Community 0.60 0.25 0.32
Market 0 0 0
Surroundings 0.81 0.96 0.88

Infrastructure
Private Artifacts [Present] 0.34 0.11 0.15
Public Artifacts 0.63 0.98 0.76

People

Experience 0.54 0.30 0.38
External Actor 0.55 0.11 0.17
Internal Actor 0.66 0.41 0.45
Practice 0.01 0.02 0.03

Vision
Social Strategy 0.81 1.00 0.90
Value Proposition 0 0 0

Binary
Classification
[LR]

Activities
Finance 0.80 0.90 0.84
Process 0.91 0.73 0.79

Environment
Community 0.54 0.19 0.26
Market 0.20 0.07 0.11
Surroundings 0.83 0.95 0.88

Infrastructure
Private Artifacts [Present] 0.39 0.24 0.27
Public Artifacts 0.63 0.98 0.76

People

Experience 0.38 0.04 0.07
External Actor 0 0 0
Internal Actor 0.55 0.17 0.26
Practice 0.05 0.01 0.02

Vision
Social Strategy 0.85 0.96 0.90
Value Proposition 0.30 0.25 0.27

Binary
Classification
[SVM]

Activities
Finance 0.80 0.90 0.84
Process 0.93 0.65 0.74

Environment
Community 0.53 0.16 0.24
Market 0 0 0
Surroundings 0.85 0.95 0.89

Infrastructure
Private Artifacts [Present] 0.34 0.25 0.28
Public Artifacts 0.64 0.66 0.64

People

Experience 0.47 0.17 0.25
External Actor 0.10 0.01 0.01
Internal Actor 0.50 0.36 0.41
Practice 0.05 0.01 0.02

Vision
Social Strategy 0.84 0.92 0.87
Value Proposition 0.30 0.25 0.27
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Appendix B: Extracted

Requirements From Actionable

Information Sources

Response from Prompt-2: Environment →Market

Support and Resources for Evacuees and Affected Individuals
The cluster of tweets highlights various support mechanisms and resources available for individuals
affected by crisis events, particularly wildfires and hurricanes.
1.Mental Health andWellness Support: There is a clear need for mental health resources for those
impacted by the wildfires, including evacuees and first responders. A request for a comprehensive list of
available supports was made in Tweet 4, indicating a gap in accessible mental health services during
crises.
2. Evacuation and Camping Support: Tweet 11 mentions that the Fort McMurray First Nation Chief is
opening Indian Beach for evacuees who prefer camping, providing a temporary shelter option. This
indicates a community-driven response to support those displaced by the wildfires.
3. Hygiene Kits Availability: Tweet 20 informs that the Slave Lake Reception Centre is distributing
hygiene kits to evacuees, which include essential items like shampoo, deodorant, and toothbrushes.
This highlights the importance of basic hygiene supplies during emergencies.
Overall, these tweets emphasize the necessity for mental health resources, temporary shelter options,
and basic hygiene supplies for evacuees and affected individuals.
Reference tweet numbers: 4, 11, 20
—
Requests for Assistance and Supplies
This cluster of tweets reflects urgent requests for assistance and supplies in the wake of crisis events,
particularly related to flooding.
1. Food Supply Assistance: Tweet 5 is a direct appeal for help in feeding people affected by flooding in
Carolina, specifically requesting a delivery vehicle from a well-known organization. This indicates a
critical need for food distribution in disaster-stricken areas.
2. Storage for Rescue Supplies: In Tweet 6, a request is made for storage warehouses to house rescue
supplies, highlighting logistical challenges faced by individuals and organizations trying to provide aid.
3. Collection Points for Donations: Tweet 17 mentions the establishment of a collection point for flood
victims, indicating community efforts to gather supplies and support for those affected.
These tweets collectively underscore the urgent need for food assistance, storage solutions for rescue
supplies, and organized collection points for donations.
Reference tweet numbers: 5, 6, 17
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Updates and Notifications Regarding Events
This cluster provides critical updates and notifications about ongoing crisis events, particularly related
to wildfires and hurricanes.
1. Operational Changes Due to Emergencies: Tweet 2 discusses the closure of restaurants and busi-
nesses in Smithfield due to the hurricane, indicating the impact of the storm on local operations.
2. School Bus Cancellations: Tweet 10 informs parents about the cancellation of school bus routes due
towildfire evacuations, emphasizing the disruption to education and theneed for timely communication
with families.
3. Postal Service Disruptions: Tweet 12 highlights the suspension of Canada Post deliveries in areas
affected by wildfires, indicating the broader impact of the crisis on essential services.
4. Power Restoration Updates: Tweet 14 provides an update on power restoration efforts following an
earthquake, showcasing the importance of timely information during recovery efforts.
5. Emergency Contact Information: Tweets 15 and 16 provide contact information for inquiries related
to the wildfires, emphasizing the need for accessible communication channels for affected individuals.
These tweets collectively illustrate the importance of timely updates and notifications regarding opera-
tional changes, service disruptions, and emergency contact information during crisis events.
Reference tweet numbers: 2, 10, 12, 14, 15, 16
—
Community and Local Business Responses
This cluster highlights the proactive responses of local businesses and communities in the face of crisis
events.
1. Business Operations During Emergencies: Tweet 1 mentions a local business that remains open
despite the impending hurricane, indicating the resilience and adaptability of local enterprises during
crises.
2. Cancellation of Local Sports Events: Tweet 8 discusses the cancellation of amateur soccer games
due to air quality concerns from wildfire smoke, reflecting community health considerations.
3. Storm Removal Services: Tweet 18 describes a local farm offering storm removal services post-
hurricane, showcasing community support and resource sharing for recovery efforts.
4. Local Business Availability: Tweet 19 informs the public about a food store that remains open,
providing essential services during a crisis, which is crucial for community sustenance.
These tweets highlight the role of local businesses and community initiatives in providing support and
maintaining essential services during emergencies.
Reference tweet numbers: 1, 8, 18, 19
—
Information on Financial and Insurance Support
This cluster focuses on the financial and insurance resources available to individuals affected by crises.
1. Taxpayer Relief for Affected Canadians: Tweet 3 mentions that Canadians affected by wildfires may
be eligible for taxpayer relief, indicating government support for those impacted.
2. Insurance Information: Tweet 13 provides important information regarding insurance for individuals
affected by wildfires, emphasizing the need for accessible financial guidance during recovery.
These tweets underscore the importance of financial and insurance support for individuals navigating
the aftermath of crisis events.
Reference tweet numbers: 3, 13

—
Other
This cluster includes miscellaneous tweets that do not fit into the previous categories but still reflect the
broader context of crisis events.
1. Government Office Closures: Tweet 7 inquires about the closure of government offices due to an
earthquake, indicating the impact of natural disasters on public services.
2. JobOpportunities inEmergencyCare: Tweet 9 highlights a jobopening for emergency care, reflecting
ongoing needs for healthcare professionals during crises.
3. Destruction of Homes and Infrastructure: Tweet 21 reports on the destruction of homes and
infrastructure in Cabo Delgado, emphasizing the severe impact of crises on communities.
These tweets provide additional context and highlight various aspects of the challenges faced during
crisis events.
Reference tweet numbers: 7, 9, 21
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Response from Prompt-2: People → Practice

Emergency Preparedness and Safety Tips
The tweets in this cluster emphasize the importance of being prepared for emergencies, particularly
in the context of natural disasters such as earthquakes and hurricanes. Key requirements identified
include:
1. Evacuation Preparedness: Individuals should be informed on how to prepare for potential evacua-
tions, including gathering essential documents like lease/mortgage agreements and insurance policies
(Tweet 6). It is also advised to charge mobile devices in anticipation of power outages (Tweet 6).
2. Emergency Kits: The necessity of having an emergency bag ready is highlighted, especially in
earthquake-prone areas. This bag should contain essential supplies to ensure safety during crises (Tweet
21).
3. Safety During Storms: Recommendations include staying in interior rooms away from windows
during storms, even if one is not in an evacuation zone (Tweet 7).
4. Information on Hazards: There is a need for basic information regarding hazards and actionable tips
for before, during, and after an earthquake (Tweet 4).
5. General Preparedness: The tweets collectively stress the importance of being proactive in emergency
situations, such as knowing evacuation routes and having a plan in place (Tweet 1).
Reference tweet numbers: 1, 4, 6, 7, 21
—
Evacuation and Safety Alerts
This cluster focuses on the urgent need for evacuation and safety measures during crises, particularly
wildfires and floods. The identified requirements include:
1. Evacuation Orders: Clear communication of evacuation orders is crucial, as seen in the tweet
regarding the Alberta wildfire (Tweet 11).
2. Pet Safety: There is an emphasis on ensuring the safety of pets during evacuations, with calls for
people to grab their pets and evacuate promptly (Tweet 13).
3. Preparation for Flash Floods: Alerts about flash flooding and power outages are essential for public
safety, urging individuals to stay informed through local news channels (Tweet 15).
4. Evacuation Protocols: The importance of following evacuation protocols is highlighted, with a
reminder to evacuate first before addressing other concerns (Tweet 14).
Reference tweet numbers: 11, 13, 14, 15
—
Crisis Communication and Updates
This cluster underscores the need for effective communication during crises to keep the public informed
and safe. Key requirements include:
1. Real-time Updates: The necessity for timely updates from emergency services is evident, as seen in
the tweet advising residents to check Alberta’s emergency alerts (Tweet 5).
2. Identification of Victims: In the aftermath of disasters, there is a critical need for families to identify
their loved ones, as highlighted in the tweets regarding the KZN floods (Tweets 10, 16).
3. Emergency Contact Information: Providing non-emergency contact numbers for residents is
essential for managing inquiries and ensuring that life-threatening situations are prioritized (Tweet 20).
4. Support for Affected Individuals: Acknowledgment of the need for additional resources, such as
data for communication during crises, is also important (Tweet 19).
Reference tweet numbers: 5, 10, 16, 19, 20
—
Crisis Response and Volunteer Opportunities
This cluster highlights the importance of community involvement and support during crisis recovery
efforts. The identified requirements include:
1. Volunteer Coordination: There is a need for organized volunteer efforts for cleanup operations
following disasters, as seen in the tweets about the Durban floods (Tweets 22, 23).
2. Emergency Services: The provision of storm removal services is crucial for affected areas, with
specific contact information provided for those needing assistance (Tweet 18).
3.Medical Assistance: The call for medical volunteers for emergency interventions in disaster-stricken
areas emphasizes the need for healthcare support during crises (Tweet 24).
Reference tweet numbers: 18, 22, 23, 24
—
Other
This cluster includes tweets that address various safety concerns and the need for situational awareness
during crises. Key requirements identified include:
1. Safety Alerts: Individuals are advised to stay away from dangerous areas, such as those with active
shooters (Tweets 2, 8, 12).
2. Family Reunification: The need for a family reunification system is highlighted, indicating a gap in
current crisis management protocols (Tweet 3).
3.MonitoringWeather Conditions: There is a call for vigilance regarding weather conditions and alerts,
as individuals await updates on safety (Tweet 9).
4. Power Restoration Updates: Information on power restoration following disasters is essential for
residents to plan their return home (Tweet 17).
Reference tweet numbers: 2, 3, 8, 9, 12, 17
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Response from Prompt-2: Environment → Community

Community Support and Volunteer Efforts
The tweets in this cluster highlight the urgent need for community involvement and volunteer efforts in
response to various crisis events, particularly in the aftermath of Hurricane Florence and the Durban
floods.
1. Volunteer Opportunities: There is a call for divers to assist with beach clean-up efforts in KZN, em-
phasizing the importance of environmental restoration post-disaster (Tweet 2). Additionally, healthcare
professionals are urged to volunteer in Durban to aid those affected by the floods (Tweet 18).
2. Animal Welfare: The tweets also address the plight of abandoned pets in New Bern, NC, where there
is a pressing need for fosters and supplies to care for these animals (Tweet 4).
3. Shelter Needs: The needs at evacuee shelters in North Carolina are highlighted, with a specific request
for baby products, particularly diapers and formula, indicating a focus on vulnerable populations (Tweet
6).
4. General Assistance: There is a broader call for North Carolinians to engage in recovery efforts, with a
specific mention of nursing support needed in the area (Tweet 7). The Native Friendship Centre in Slave
Lake is also seeking donations of socks, underwear, and towels for fire evacuees (Tweet 17).
Overall, the tweets emphasize the critical role of community support and the various ways individuals
can contribute to relief efforts during crises.
Reference tweet numbers: 2, 4, 6, 7, 16, 17, 18
—
Disaster Relief and Assistance Requests
This cluster focuses on the urgent requests for disaster relief and assistance in the wake of Hurricane
Florence and other crises, particularly in Mozambique.
1. Blood Donations: There is a strong appeal for blood donations to ensure a sufficient supply as
Hurricane Florence approaches, highlighting the lifesaving impact of such contributions (Tweet 3).
2. Ongoing Relief Efforts: Team Rubicon UK is actively providing disaster relief in Mozambique,
showcasing the international response to the crisis (Tweet 5).
3. Financial Assistance: A request for immediate financial assistance for evacuees from a fire near
Wabasca is made, indicating a gap in support for those affected (Tweet 8).
4. Child Welfare: The plight of children in Mozambique is underscored, with reports of urgent aid
needed for over a million children following a cyclone (Tweet 10).
5. Community Assessments: The Red Cross has deployed teams to assess damages in KZN and the
Eastern Cape, indicating organized efforts to understand and address the needs of affected communities
(Tweet 12).
6. Basic Necessities: The delivery of basic necessities to cyclone-affected populations in Comoros is
highlighted, emphasizing the need for food and clean water (Tweet 13).
This cluster illustrates the critical need for both immediate and ongoing support in disaster-stricken
areas, with a focus on health, safety, and basic needs.
Reference tweet numbers: 3, 5, 8, 10, 12, 13
—
Emergency Updates and Information Sharing
This cluster contains important updates and information sharing related to ongoing emergencies,
particularly fires and floods.
1. Safety Alerts: There are calls for individuals to stay informed through local emergency alerts and
radio updates regarding the fire situation in Fort McMurray (Tweet 1).
2. Identification of Victims: The KZN health department urges families to identify loved ones at
mortuaries following the floods, highlighting the emotional and logistical challenges faced by families
(Tweet 9, Tweet 11).
3. Training and Preparedness: Information about a training seminar for volunteer firefighters is
shared, focusing on the use of drones in emergency response, which is crucial for enhancing operational
efficiency (Tweet 14).
4. Support Services: Alberta Health Services is providing assistance to those impacted by wildfires,
indicating the availability of resources for affected individuals (Tweet 15).
5. Community Outreach: There are calls for community members to reach out for help or to assist
others in need, emphasizing the importance of solidarity during crises (Tweet 19, Tweet 20).
This cluster underscores the importance of timely information and community engagement inmanaging
emergencies and supporting those affected.
Reference tweet numbers: 1, 9, 11, 14, 15, 19, 20
—
Other
(No tweets to include in this category)
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Appendix B: Extracted Requirements From Actionable Information Sources

Response from Prompt-2: Vision → Social Strategy

Community Support and Assistance Initiatives
1. Grassroots Initiatives: There is a call for grassroots initiatives, as highlighted in Tweet 4, where the
#ymmhelps hashtag is proposed to coordinate assistance similar to the #yychelps initiative.
2. Structured Support: Tweet 8 raises a question about the existence of the #ymmhelps hashtag,
indicating a desire for a structured way to connect those in need with those willing to help.
3. Immediate Support for Evacuees: The urgency of the situation is underscored in Tweet 12, which
mentions that thousands have been instructed to evacuate with their pets, highlighting the need for
immediate community support.
4. Targeted Assistance for Vulnerable Populations: Tweet 18 discusses efforts to house children evacu-
ated from a group home, showcasing the importance of targeted assistance for vulnerable populations.
5. OrganizedCommunity Efforts: Tweet 22 suggests using the #ymmhelps hashtag tomatch individuals
needing help with those who can assist in evacuations, reinforcing the need for organized community
efforts.
Reference tweet numbers: 4, 8, 12, 18, 22
—
Evacuation and Safety Alerts
1.Mandatory Evacuation Orders: Tweets 9 through 15 provide a series of mandatory evacuation orders
as the wildfire approaches high-level areas in northern Alberta.
2. Urgency of the Situation: Tweet 14 notes the extreme wildfire danger andmultiple out-of-control
fires in the region.
3. Evacuation Humor: Tweet 15 humorously reminds evacuees to prioritize their safety during the
evacuation process.
Reference tweet numbers: 9, 10, 11, 13, 14, 15
—
Emergency Preparedness and Response
1. Preparedness Reminder: Tweet 1 serves as a reminder to take preparedness seriously, using the
#ymmfire as a cautionary example.
2. Communication and Navigation Challenges: Tweet 3 raises concerns about slow internet speeds
affecting communication and navigation during emergencies, indicating a need for improved service in
affected areas.
3. Volunteering Interest: Tweet 7 expresses interest in volunteering with FEMA for disaster recovery
efforts, highlighting the community’s willingness to engage in recovery initiatives.
4. Logistical Challenges: Tweets 16 and 17 discuss logistical challenges faced by emergency services
and the need for efficient response mechanisms.
5. Community Involvement in Recovery: Tweet 21 calls for divers to assist in beach clean-up efforts,
showcasing community involvement in recovery activities.
Reference tweet numbers: 1, 3, 7, 16, 17, 21
—
Wildfire Management and Response
1. Preparation for Residents’ Return: Tweet 2 discusses preparations for residents returning home
while evacuations are still in effect for other areas.
2. Proactive Communication: Tweet 6 invites communication from those affected by the #ymmfire,
indicating a proactive approach to gathering information from evacuees.
3. Controlled Burns: Tweet 20 highlights the use of controlled burns as a strategy to protect the town
of High Level from nearby wildfires, demonstrating the importance of effective wildfire management
techniques in crisis situations.
Reference tweet numbers: 2, 6, 20
—
Other
(No tweets fall into this category.)
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