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A B S T R A C T

Social media has become indispensable in the digital age, frequently

used for engaging with contemporary social agendas. These plat-

forms not only shape public discourses but also influence individu-

als’ perceptions and behaviours. This influence was especially evident

during critical moments such as the COVID-19 pandemic, where so-

cial media played a central role in disseminating information and

shaping public responses. As a result, key stakeholders, including

policymakers, journalists, and communication professionals, increas-

ingly rely on interpreting these dynamic social interactions to inform

strategic decisions. This is due to the persuasive power embedded

in social media, making it instrumental in guiding organisational ob-

jectives. However, the complexity and volume of social media dis-

courses pose significant challenges for existing analytical tools in pro-

viding useful insights required for effective decision-making. There-

fore, there is a growing need to enhance these analytical tools to sup-

port informed decision-making.

Human-centred approaches to designing tools that integrate hu-

man expertise with the qualitative analyses of social media discourses

remain underexplored. Addressing this gap requires understanding

the limitations of both machine and human perspectives and how

they can effectively complement each other. This thesis approaches

the problem from two disciplinary perspectives. First, it applies Natural

Language Processing (NLP) methods to establish the technical feasi-

bility of analysing social media discourse and to identify where com-

putational learning’s limitations can be enhanced with human input.

Second, it adopts Human-Computer Interaction (HCI) methods to de-

sign an interactive system informed by these technical findings, allow-

ing design choices to be grounded in empirical evidence that high-

lights where and how human input can complement computational
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analysis. Then, the resulting interactive design is evaluated through

user studies to examine how grounding the design in both computa-

tional limitations and human strengths influences human experiences

during interaction with these automated analyses.

For this purpose, the first part of this thesis experimented with

a computational learning task, stance detection. This is a commonly

chosen NLP method in social media analysis for misinformation be-

cause it involves identifying the attitude or opinions expressed on

social media texts towards a target topic. Such positions reveal how

narratives are spread and how discussions become divided or am-

plified, which are all common patterns in misinformation. The key

challenge identified early in the study is the limited availability of

datasets that capture the surrounding discourse to model contextual

knowledge. To address this, the study adopted data augmentation,

a widely used technique for mitigating data limitations in produc-

ing more relevant training samples. The study concluded by devel-

oping augmentation methods using advances in prompt engineering

with Large Language Model (LLM) to generate synthetic conversa-

tions. The results demonstrated improved performance over baseline

methods. While exploratory, the findings established the technical fea-

sibility of modelling context learning through social media discourses

and revealed limitations where the design of interactions can adopt

the complementary human judgment.

To bridge these computational insights with human expertise, the

thesis introduces DiscourseDash, an interactive dashboard designed to

support the exploration and interpretation of social media discourse.

This design bridges the technical capabilities and human strengths

as a combined effort to make more informed judgments by com-

bining computational outputs with their interpretive skills. Guided

by human-centred design principles, a functional prototype of Dis-

courseDash was developed to facilitate its evaluation through two

phases of user studies. The first study explores how general users in-

teract with DiscourseDash across a set of tasks designed to reflect real-

world workflow scenarios. To test the hypothesis that DiscourseDash
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offers a more effective way of understanding social media discourse

compared to navigating unstructured platforms, we examined partic-

ipants’ performance and experiences across two conditions. A mixed-

methods approach was employed, integrating quantitative and quali-

tative data to assess the overall effectiveness of DiscourseDash and the

usefulness of its proposed analytical features, stance, sentiment, pop-

ularity, and discourse-level insights in facilitating decision-making

processes. The findings demonstrate both strong user preference for

DiscourseDash and the perceived value of these analysis measures.

The study also identified design limitations that outline opportuni-

ties for future improvements.

To further assess its practical relevance, DiscourseDash was evalu-

ated through a semi-structured interview study with industry ex-

perts. This aimed to explore how the tool aligns with established

professional workflows and to capture perspectives more than those

of general users. Experts recognised the tool’s potential within its

capacity to support discourse-level analysis and offer more qualita-

tive insights. However, the study also revealed key misalignments

between the design and expectations embedded in expert practices,

which may affect adoption. Experts consistently emphasised the need

for tools that move above surface-level statistical outputs to enhance

support for the complexity and contextual sensitivity of social media

discourses, strengthening the core motivation behind DiscourseDash’s

design. These two studies provided complementary perspectives. The

first captures how non-expert users engage with the tool in tasks

that simulate real-world decision-making scenarios. The second study

contributes expert applicability by examining how DiscourseDash aligns

with established professional practices. Finally, we discuss the broader

implications of these findings for designing tools that focus on pro-

viding discourse-level insights.

This thesis makes several key contributions by demonstrating how

integrating discourse-level qualitative analysis with an interactive tool

can enhance social media analysis for more informed decision-making.

It introduces an interactive design approach through DiscourseDash,
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a dashboard that combines the strengths of computational methods

with human judgment. Grounded in both technical findings and human-

centred design principles, DiscourseDash emphasises contextual un-

derstanding to support decision-making workflows. The contributions

include: (1) methodological reflections on the practical trade-offs and

limitations of NLP methods addressing data limitation through aug-

mentation and context modelling in a computational learning task;

(2) the design and implementation of a functional prototype, Dis-

courseDash, informed by these reflections on computational learning

capabilities and limitations, and (3) evidence from two user studies,

one with general users and one with industry experts, that demon-

strate the tool’s effectiveness by showcasing its applicability across

different expertise levels, and identify considerations for real-world

adoption. Overall, this research emphasises the importance of ongo-

ing investigation in discourse-level insights into analytical tools for

social media analysis by demonstrating their relevance and applica-

bility in real-world contexts. DiscourseDash represents a foundational

step towards developing advanced interactive tools for social media

analysis, built upon an empirical understanding of the practical work-

flows in which these tools are embedded.
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1
I N T R O D U C T I O N

The Global Digital Report 2024 reported that 82.8% of the total pop-

ulation in the United Kingdom (UK) are social media users (Kemp,

2024). This statistic reflects the extensive reach and influence of these

platforms in the modern digitisation (Kizgin et al., 2020; Lupinacci,

2021; Subrahmanyam et al., 2008). This influence can be illustrated

through the COVID-19 pandemic, during which individuals relied

on social media platforms to express opinions, stay informed, and

form connections (Appel et al., 2020; Bouvier and Machin, 2020; Saud,

Mashud, and Ida, 2020). As a result of these engagements on social

media, organisations have had to adapt their strategies and decision-

making processes to these dynamic environments (Persily, Tucker,

and Tucker, 2020). As noted by Jim Coleman, CEO of We Are Social, a

global socially led creative agency, industries must remain responsive

to evolving online behaviours by staying “on top of these continuous

shifts in the way that people are spending time online and adapt their

approach” (Underwood, 2024).

The influence of social media extends across commercial enterprises,

government bodies, and public health sectors, shaping how decisions

are made, communication strategies are developed, and societal chal-

lenges are addressed. While social media offers advantages for these

stakeholders in designing effective strategies and public engagement,

it also presents a new set of challenges. These include the rapid

spread of misinformation during crises such as the pandemic (“in-

fodemic”) (Cinelli et al., 2020), reputational harm (Jahng, 2021), and

the manipulation of public narratives and ideologies (Reisach, 2021).

These challenges are consequential because misinformation and harm-

ful narratives can directly impact vulnerable individuals and commu-

nities (Drouin et al., 2020). Not only that, they complicate the work
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2 introduction

of policymakers, fact-checkers, and government agencies tasked with

navigating and responding to the fast-evolving online narratives (Az-

zaakiyyah, 2023; Mahoney and Tang, 2024).

This evolving complexity of social media environments presents

significant opportunities to develop analytical approaches that more

effectively support stakeholders’ decision-making processes (Moe and

Schweidel, 2017; Rathore, Kar, and Ilavarasan, 2017). Many existing

social media analytical tools have focused predominantly on quantita-

tive measures, frequently overlooking the qualitative aspects that are

essential for capturing context and meaning within a social media dis-

course (Chen, Lin, and Yuan, 2017). While these existing approaches

remain effective at highlighting large-scale trends, they are insuffi-

cient to capture the complexity of social media discourses or inter-

pret the meaning behind quantitative measures for effective decision-

making that are dependent on context. In response to these influ-

ences of social media, the AI4TRUST project provides a relevant ex-

ample that aims to promote collaboration between AI systems and

human fact-checkers through a responsible platform for monitoring

and analysing social media disinformation (Leal et al., 2025).

Despite these existing efforts, there is an underexplored opportu-

nity to design analytical tools that provide discourse-level insights

to help interpret qualitative patterns and better understand complex

phenomena such as misinformation, polarisation, and controversy

(Vasist, Chatterjee, and Krishnan, 2024). This thesis explores this fur-

ther in Chapter 2. Without such insights, analyses risk oversimpli-

fying the dynamics of social media discourses, limiting their value

in countering misinformation or targeted propaganda. An analytical

tool is needed to support navigation through these narrative shifts

by helping stakeholders identify underlying causes or issues and en-

abling more informed decisions. At the same time, its design must

recognise that users interpret analytical outputs through their prior

expectations, experiences, and social context (Neff et al., 2017).

Addressing these challenges requires designing an analytical tool

grounded in empirical insights and evaluated for practical relevance
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through targeted studies with end-users. This thesis, therefore, inves-

tigates how integrating computational methods with human exper-

tise in an interactive design can address their respective limitations

and improve decision-making outcomes. This investigation starts with

an examination of how such a tool can hypothetically support profes-

sional workflows (see Section 2.1.2). With these in mind, this thesis

unfolds the extent to which an interactive tool can support the in-

terpretation of social media discourse for informed decision-making.

To achieve this, the research is guided by two key objectives: (1) to

design an interactive tool based on examining existing approaches

in interpreting social media discourse, and (2) to explore how such

interactive design can be considered and enhanced to support profes-

sional decision-making contexts.

The rest of this chapter presents the problems that motivate this the-

sis, the research objectives designed to address them, and the research

questions that frame the investigation. Finally, the chapter positions

this work within the broader discipline of HCI and defines the scope

of the research domain explored. An overview of the structure and

focus of this thesis is provided in Figure 1.

motivate

Figure 1: Overview of the thesis



4 introduction

1.1 problem definition

Despite the growing reliance on social media as a key indicator of

public opinion and behavioural trends, analysing these conversations

at scale remains a complex and unresolved challenge. Misinformation

is a well-explored topic in social media analysis, providing a founda-

tional example for this research to understand how various analytical

approaches have been applied in that context (Aïmeur, Amri, and

Brassard, 2023; Zhao et al., 2023). Early interventions have explored

strategies such as content labelling (Spradling, Straub, and Strong,

2021), removing misleading narratives (Sharma et al., 2019), and im-

plementing suggestive measures (Vicario et al., 2019). With advances

in computational approaches, i. e., machine learning, research efforts

have focused widely on analysing stance (Hardalov et al., 2022) and

sentiment (Alonso et al., 2021; Bhutani et al., 2019) to capture the scale

and spread of narratives. However, these methods predominantly fo-

cus on root-level content, such as initial posts or primary threads

on social media platforms (Egelhofer and Lecheler, 2019). They fre-

quently overlook the discursive nature of social media, which com-

prises the root-level content and any subsequent replies and com-

ments.

A recent study highlighted that root-level comments frequently

function as ‘clickbait’ for drawing attention rather than providing

meaningful context (Bu et al., 2023; Lama et al., 2020). This can lead to

ambiguity as machine learning models struggle to interpret accurate

references without a full discourse context. For instance, in Figure 2,

where machine learning models struggle to resolve what “this” refers

to without additional context, resulting in incomplete or inaccurate

insights regarding what the @rootuser is “against”. This thesis incor-

porates the full discourse to achieve a more accurate interpretation

by broadening the analysis beyond the root-level comment. In the

same example, analysing the full discourse reveals that “this” refers

to “vaccines”, as supported by follow-up textual interactions where

@replyuser1 argues “for” with reasons supporting vaccines and @re-
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plyuser2 argues “against”, illustrating how @rootuser potentially influ-

enced the spread.

Figure 2: An example of a (short) discourse with additional context from

corresponding textual interactions (e. g., replies, comments).

Addressing this gap requires shifting analytical focus to connecting

contextual understanding of discourse-level interactions, rather than

treating these connected texts individually. This perspective reflects

real-world practices, where analysts must examine not only what is

being said but also why it is being said (Hamm, 2024). Their analysis

not only observes surface statistical measures but also investigates

underlying causes and broader conversational dynamics to support

more informed decision-making.

Even so, generating accurate discourse-level analyses poses chal-

lenges, e. g., dynamics of linguistic patterns on social media. As a

result, human expertise is an integral part of contextualising and val-

idating machine-generated insights for making the analytical process

collaborative. The core problem, then, lies in how to advance exist-

ing approaches in ways that address the limitations of both computa-

tional methods and human judgment, while also providing effective

support for interpreting the meaning behind qualitative measures. A

reflection on the broader concern arises as many existing tools are de-

signed around technical affordances rather than the practical needs
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(Neff et al., 2017). This essentially leads to potential gaps regarding

relevance within established real-world workflows. It is therefore not

only important to ground the design of an interactive tool in empir-

ical insights but also to involve users throughout the design process

to create solutions that accurately address practical needs.

1.2 research questions

So far, research into social media analysis has primarily focused on

delivering quantifiable metrics to support decision-making, with less

emphasis on qualitative designs and an understanding of the practi-

cal needs within this contextual perspective. To explore the potential

of integrating computational learning with an interactive design to

support users in better understanding and interpreting social media

discourses, this thesis will first address the following research ques-

tion:

RQ1 How can interactive tools be designed to enhance social media

analysis to support more effective decision-making workflows?

An effective design of a solution requires understanding how hu-

mans and machines can address each other’s limitations in the con-

text of analysing social media discourses. To achieve this, it is first

necessary to establish the capabilities and limitations of computa-

tional learning methods in handling such complex and unstructured

data. A computational exploration study serves two primary pur-

poses. Firstly, implementing a computational learning analysis task

can inform and inspire the overall design direction. Secondly, it iden-

tifies aspects of analysis where human judgment remains essential.

The findings from a computational learning study will provide a

foundation for the broader design process presented in this thesis

and support the rationale for an interactive approach to social me-

dia analysis. In doing so, the study not only guides design decisions

but also demonstrates the complementary strengths of human and

computational methods.
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Guided by an HCI approach, a mixed-methods evaluation will then

be conducted following the establishment of the design prototype to

ground the design rationale in empirical evidence. This study aims

to validate the design concept by assessing its effectiveness with man-

ual navigation of unstructured social media discourses in decision-

making scenarios. This evaluation captures general users’ interactions

across two experimental conditions and generates complementary in-

sights by combining statistical analysis with qualitative feedback. As

a fundamental part of the design process, this evaluation validates

the design concept and establishes the foundation for the subsequent

research question:

RQ2 How do industry experts’ workflows and experiences in

analysing social media discourse shape the real-world applica-

bility of DiscourseDash?

This research question focuses on aligning the tool by reflecting

the needs and practices of industry experts. While the general user

study provided insights into potential benefits for non-expert users,

expert perspectives are important to ensure the tool’s practical rel-

evance and appropriateness in professional workflows. Plus, there

remains a limited understanding of how experts’ knowledge and

practices can be effectively integrated into the design of analytical

tools for highlighting social media discourse. This study addresses

this gap by engaging with industry experts to investigate the work-

flows, strategies, and challenges of social media analysis within the

context of their decision-making. These expert insights will situate

our design within the practical industry practices by outlining how

it complements existing professional processes and implications for

future developments.

1.3 research areas

This thesis connects several intersecting research areas, with a partic-

ular focus on advancing the understanding and support of discourse-
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level social media analysis through both computational methods and

human-centred approaches.

• HCI - This research contributes to the growing body of HCI

work focused on designing interactive systems that support so-

cial media analysis. This thesis addresses an emerging area of in-

terest that bridges interaction design and computational social

media research by gathering insights to ground the design of a

discourse-level analytical tool. The thesis contributes to the un-

derstanding of how users interact with complex data and how

design can support interpretive and decision-making processes.

• Mixed-methods research - A mixed-methods approach was

adopted to evaluate the interactive tool, integrating both quanti-

tative and qualitative methods. This methodological design en-

abled the examination of general user engagement, perception,

and task performance while interacting with the design concept,

reflecting the practicality of the design.

• Computational methods - This research focuses on leverag-

ing existing NLP techniques, including data augmentation and

the use of LLM to improve the automated interpretation of

discourse-level context in social media analysis. The research

explores how current computational methods can be integrated

into interactive systems to support analysis tasks in discourse

environments.

1.4 contributions

The main contributions of this thesis are as follows:

1. NLP methods for stance detection: This contribution lies in the

methodological framework that informs the interactive design

concept for social media analysis of the thesis. It involves imple-

menting data augmentation through LLM prompt-generation
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to improve discourse-level context learning. While the augmen-

tation techniques themselves are established, this thesis demon-

strates how the limitations observed in computational experi-

ments (Chapter 4) guided the design of a user-centred interac-

tive tool to bridge technical insights with HCI principles.

2. Conceptual design towards actionable impacts: The novelty of

DiscourseDash lies in its integration of discourse-level analysis

as context for high-level visual summaries. This establishes a

design that shifts from static data presentation toward a “data

for action” framework for supporting industry experts in inter-

preting social media discourses for decision-making (Chapter

5).

3. Mixed-method evaluation with general users: This study es-

tablishes a baseline for how non-experts interact with com-

plex discourse-level features. Evaluating general user inter-

actions provides empirical evidence that connecting contexts

from discourse-level analysis with visual summaries facilitates

decision-making. To this end, it allows the research to validate

the design’s conceptual reasoning (Chapter 6) before engaging

expert users.

4. Interview study with industry expert to align DiscourseDash

with real practices: This contribution identifies key insights be-

tween the design of an automated tool in supporting ongoing

workflows of industry experts. These findings provide a theoret-

ical and practical roadmap for bridging the gap between com-

putational development and professional application (Chapter

7).

1.5 publications

Part of this thesis has been presented in peer-reviewed venues. Some

publications contributed to the refinement of this thesis, while others
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correspond to the empirical chapters. The following list highlights

these publications:

• The formulated research questions in this chapter were pre-

sented during the early stages and refined based on advice from

a doctoral consortium:

Liew, Xin Yu (2023). “Monitoring Online Discussions and Re-

sponses to Support the Identification of Misinformation.”

In: European Conference on Information Retrieval. Springer,

pp. 450–455.

• The preliminary experimentation plan for the empirical study in

Chapter 4 was presented in a poster paper to gather feedback

and refine the research directions:

Liew, Xin Yu, Nazia Hameed, Jeremie Clos, and Joel E Fischer

(2023). “Predicting stance to detect misinformation in few-

shot learning.” In: Proceedings of the First International Sym-

posium on Trustworthy Autonomous Systems, pp. 1–5.

• The earlier version of the empirical design in Chapter 5 and the

planned evaluations were presented in a poster paper:

Liew, Xin Yu, Nazia Hameed, Jeremie Clos, and Joel E Fischer

(2023). “Predicting stance to detect misinformation in few-

shot learning.” In: Proceedings of the First International Sym-

posium on Trustworthy Autonomous Systems, pp. 1–5.

• Parts of the empirical work from 5 & 6 & 7 were published in a

journal:

Liew, Xin Yu, Jeremie Clos, Nazia Hameed, and Joel Fischer

(2026). “DiscourseDash: designing and evaluating a tool

for analysing social media discourses to support decision-

making.” In: PeerJ Computer Science 12, e3632.
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1.6 structure of the thesis

This thesis is organised into three parts across nine chapters. Below

is an overview of the structure and the contributions of each part and

chapter.

Part I lays the foundation for the thesis through two chapters. Chap-

ter 2 presents a literature review that explores the relationship be-

tween social media, discourses, and decision-making in practice. The

chapter then examines existing approaches to social media analysis

by reviewing HCI and NLP approaches for a multidisciplinary per-

spective. This informs and motivates the design choices and method-

ological approaches used in the empirical studies. Chapter 3 outlines

the methodological framework drawn from this literature to support

the empirical investigations. The chapter outlines the NLP approach

to computational learning for textual analysis and HCI approaches

used to inform and facilitate design concepts that address human-

centred needs.

Part II organises the empirical work of this thesis across four chap-

ters. Chapter 4 investigates the role of NLP in data augmentation

for stance detection. This chapter examines how synthetic data gen-

erated by LLMs can be used to improve stance detection. To translate

these computational insights into a design, Chapter 5 details the de-

velopment of the prototype design, grounded in those computational

explorations, which will then be evaluated in the following user stud-

ies. Chapter 6 details the first evaluation of the prototype through a

mixed-method study involving general users without prior analytical

experience. This study compares the effectiveness of decision-making

when using the DiscourseDash versus manually navigating unstruc-

tured social media data, helping to assess the relevance and usability

of the design concept. Recognising the importance of real-world ap-

plicability, Chapter 7 explores how the DiscourseDash aligns with the

workflows of industry experts. Through semi-structured interviews,

this research investigates the decision-making responsibilities of pro-

fessionals who work with social media. I. e., how they manage the
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volume and complexity of discourse, the challenges they encounter,

and their reflections on DiscourseDash’s design. These insights help

position the concept within real-world contexts for bridging the gap

between computational methods and practical decision-making in so-

cial media analysis.

Part III concludes the thesis with a reflective discussion and final re-

marks. Chapter 8 provides a synthesis of findings by critically reflect-

ing on the broader implications of combining computational learning

techniques to motivate human-centred design for social media analy-

sis. The chapter also outlines the contributions of this work to the re-

search community. The chapter then included a discussion on its lim-

itations and areas for future research. Finally, Chapter 9 summarises

the key contributions of the thesis, revisits the research questions, and

outlines the significance of the work in supporting decision-making

through analysis of social media discourses.



Part I

B A C K G R O U N D A N D A P P R O A C H





2
L I T E R AT U R E R E V I E W

This chapter introduces the basis of the research that informed the

empirical work of this thesis and how it connects with the formula-

tion of our research questions outlined in Chapter 1.

To set the research context, section 2.1 first understands the nature

of social media. The section defines what this thesis means by dis-

courses by emphasising why they are the fundamental drivers of im-

pact on social media. Then, the chapter outlines the decision-making

roles that rely on analysing these discourses for decision-making out-

comes. The purpose of this section is to formulate the motivation

within the scope of this thesis. The section achieves this by highlight-

ing the impact of social media and how addressing it within the wider

field of HCI can contribute to potential impact in professional con-

texts.

Following this, section 2.2 provides an overview of computational

approaches discussed in the literature. The section summarises exist-

ing methods designed to support the analysis of social media chal-

lenges. This includes reviewing approaches from stance detection,

sentiment analysis, harmfulness detection, to popularity analysis, all

of which are valued in the literature for understanding social media

dynamics. This establishes the computational learning background

and serves to inspire reflections on how these analyses can be inte-

grated when designing a tool. From here, the section navigated fur-

ther by examining studies that structured discourse-level as context

to improve model learning.

Next, section 2.3 reviews the current efforts in the literature that

have designed human-centred approaches for social media analysis.

The section reviews HCI approaches by categorising them into con-

versational interfaces, explainability interfaces, simulation and nudg-

15
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ing, and visual analytics tools. The purpose of this section is to moti-

vate the methodological approach of this thesis for identifying oppor-

tunities that we can draw on to improve.

This literature review situates the contribution of this thesis within

its interdisciplinary grounding. Each of the sectioned reviews in this

chapter positions the prior works to motivate the considerations that

shape the scope of the research. Prior literature outlines (1) how social

media analysis plays an integral role in society and (2) how an under-

standing of both computational approaches and human-centred per-

spectives can inform the design of an interactive tool. All in all, the

purpose is to demonstrate how this thesis approaches the problem by

drawing on insights and reviewing prior studies.

2.1 establishing the research contexts

2.1.1 Social media and discourses

Social media refers to digital platforms, such as websites and appli-

cations that allow individuals and groups within society to interact

virtually through activities like commenting, sharing, posting, and

messaging (Meikle, 2016). This form of digital communication sup-

ports a wide range of social engagements amongst individuals, com-

munities, and organisations (Kaplan and Haenlein, 2010; Lovejoy and

Saxton, 2012). One of the fundamental capabilities of these platforms

is their ability to facilitate the formulation of public discourses. This

means that these platforms enable continuous and active conversa-

tions where anyone can exchange ideas, opinions, and arguments

(Majchrzak et al., 2013).

With individuals globally engaging with these platforms daily, so-

cial media is rooted in the routines of everyday life. On average, in-

dividuals dedicate a significant portion of their daily time to using

social media. According to recent statistics, the typical internet user

spends approximately 2.5 hours per day on these platforms (Kemp,
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2025). In the UK, approximately 77% of adults reported using social

media regularly. Usage remains high across all age groups and is ev-

idently more common amongst younger people (Ofcom, 2024). This

scale and influences are reflected not only in user numbers, but also

in their economic and societal impact. The global social media adver-

tising market alone was valued at over $276.72 billion in 2025 and is

projected to exceed $406.45 billion by 2029 (Statista, 2025).

More than their economic footprint, social media are instrumen-

tal in shaping public discourse, cultural trends, and even political

outcomes (Ausat, 2023). In a day, a typical social media user may en-

counter hundreds of posts, interact with multiple communities, and

be exposed to a wide range of discourses from personal, professional,

or societal domains. Platforms such as Facebook, X (formerly Twitter),

and Reddit allow users freedom to share opinions, build communities,

or even interact directly with public institutions. These capabilities

have transformed how information on social media is disseminated

(the way information spreads), consumed (the way people interpret),

and debated (the way people discuss). These dynamics overlap and

create a complex environment of interaction (how information is un-

derstood and acted upon) between experts, public sentiment, and mis-

information (Johnson et al., 2020).

As individuals become dependent on social media for information

consumption, the content they encounter influences the following ac-

tions: how they perceive social issues, form personal opinions, and en-

gage with societal concerns. Public perceptions are frequently shaped

by the perceived ‘authenticity’ of social media discourse compared

to traditional news media. This eventually contributes to a so-called

‘echo chamber’ phenomenon and the reinforcement of existing biases

(Flintham et al., 2018; Han et al., 2021). With that said, the dynamics

underlying social media discourses illustrate how sociotechnical sys-

tems structure and influence the public’s collective understanding of

a matter.

Though social media contributes beneficial means within a society,

these influential capabilities are accompanied by challenges. A promi-
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nent example is the widespread circulation of health-related misin-

formation during the COVID-19 pandemic. Research has shown how

malicious actors use social media to amplify misleading health claims

that contributed to public confusion and undermined trust in scien-

tific guidance (Muric, Wu, and Ferrara, 2021). Reports estimated that

nearly half the UK population was exposed to COVID-19 misinforma-

tion (Ofcom, 2020). This exposure has been associated with reduced

compliance with public health measures, such as vaccine uptake (K

et al., 2021).

These are also evident in political and commercial contexts. For in-

stance, in the UK, online discourse around Brexit and immigration

has intensified ideological polarisation and shaped public sentiment

through emotionally charged narratives (Moss, Robinson, and Watts,

2020). There is increasing concern that these political discourses fu-

elled by far-right groups pose a threat to the public’s safety as they

lead to offline violence (Wahlström and Törnberg, 2021). On the other

hand, brand campaigns by Nike and Gillette have provoked both sup-

port and backlash (Mirzaei, Wilkie, and Siuki, 2022). Gillette’s The Best

Men Can Be challenged toxic masculinity (Hsu, 2019), while Nike’s For

Once, Don’t Do It was interpreted by some as racially insensitive (Co-

hen, 2020). These campaigns provoked widespread debate on social

media as users who engaged with them amplified and reinterpreted

the information. These examples showed how corporate communi-

cation can rapidly become part of broader cultural debates and dis-

puted discourses on social media. These interactions that fuelled the

impact of a brand’s reputation suggested that analysing them can pro-

vide support to engage better with broader sociocultural narratives.

Taking everything into consideration, these examples highlight the

complex and evolving nature of discourse on social media platforms.

Misinformation, polarisation, and discourse manipulation are not iso-

lated problems. This is because they reflect deeper structural tensions

within digital communication environments that are interconnected

(Caled and Silva, 2022). Addressing these complexities requires effec-

tive monitoring of discourse dynamics where public perception and
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decision-making processes are directly related and impacted. This

thesis, therefore, adopts this perspective and defines social media

discourse as sequences of textual interactions such as discussions,

threads, and conversations.

2.1.1.1 Defining discourse

For purpose of this research, “discourse” is technically defined as con-

sisting of two main components: root-level comments (C0), such as

those initiated as a post or thread on social media, and child-level

comments (Ci, where i ⩾ 1), which are hierarchically structured

replies to the root-level comments, also referred to as “replies.” A

complete discourse (D), can be represented as: D = C0,C1,C2, ...,Cn,

where n ⩾ 1. This implies that a complete discourse must include

both root-level comments (C0) and one or more child-level comments

(Ci).

If a root-level comment (C0) does not have corresponding child-

level comments (n = 0), this research does not consider it as a dis-

course. These child-level comments (Ci) represent a form of engage-

ment on social media, contributing to the evolution of narratives and

influence (Epstein et al., 2021; Neubaum and Krämer, 2017). A root-

level comment (C0) that does not generate engagement and therefore

lacks a discourse (D = C0 where n = 0), reflects a low impact on pub-

lic narratives. For example, a Reddit post without replies generally

has limited influence, whereas a post with multiple layers of interac-

tion indicates a more impactful presence (Choi et al., 2015).

This allows the research to emphasise discourses as emergent and

interactive processes instead of isolated textual artefacts. All things

considered, prior studies mentioned that these replies reflect the dy-

namics of narrative from opinion shifts, argumentation, and other

factors that influence our understanding of them (Benamara, Inkpen,

and Taboada, 2018).
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2.1.2 Decision-making in practice

Understanding the dynamics of social media discourse has become

increasingly important for informing decision-making processes due

to the affordances of social media that shape how information is cre-

ated, shared, and interpreted in organisational contexts (Treem and

Leonardi, 2013). While misinformation is a prominent evidence of

the risks in social media, the broader challenge concerns how profes-

sionals make sense of these constant changes in public conversations

to inform timely and appropriate action. This section examines how

decision-making across domains is influenced by the challenge of in-

terpreting fast-changing social media discourses.

As mentioned briefly previously about public health, analysing so-

cial media discourse has shown its importance during critical mo-

ments such as the COVID-19 pandemic (Nihlén Fahlquist, 2021).

Health authorities have relied on such analyses to monitor the shifts

in public sentiment, misinformation, and emerging health concerns

(Banerjee and Rao, 2020; Puri et al., 2020). Observing how these

insights are put into use by authorities demonstrates that monitor-

ing such interactions can directly inform communication strategies.

These strategies aimed to increase public trust, address vaccine hes-

itancy, and combat the spread of deceptive treatments (Kennedy,

Rorie, and Benson, 2021). It can therefore be inferred that health

organisations depend on these discourses to adjust interventions in

countering harmful behaviours by monitoring how narratives unfold

and identifying influential voices within them (Litman et al., 2020).

On the other hand, policy-making and regulatory organisations en-

gage with social media discourse to monitor risks associated with

harms such as hate speech, extremism, and the targeting of vulnera-

ble communities (Dekavalla, 2022). While public health practitioners

focus on response strategies for mitigating the impacts of emerging

harms (Madhav et al., 2017), policy actors prioritise preventative ap-

proaches (Mickoleit, 2014; Yeung, 2018). From this, it can be assumed

that societal authorities need to analyse social media discourses to
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understand how they may intensify inequalities, drive polarisation,

or contribute to harm against marginalised groups. Insights from so-

cial media discourse could therefore benefit governments when it

comes to developing strategies for harm reduction, e. g., reshaping

regulatory frameworks to protect individuals at heightened risk of

online abuse or targeted misinformation campaigns (Digital and Of-

fice, 2020).

Similarly, the workflow of journalists and fact-checkers relies on un-

derstanding the flow of information and the narratives gaining trac-

tion within public discourse (Cavaliere, 2020). These experts face in-

creasing pressure during timely events, e. g., to identify which claims

gain exponential traction, to verify impactful information, and to un-

derstand how narratives are shaped within these evolving social en-

vironments (Sehat et al., 2024). Even within the comparatively lower-

impact environments of modern journalism, such as podcasts, jour-

nalists frequently extract opinions and sentiments from social media

discourse to inform reporting and shape narratives (Stephanie Soo,

n.d.). These can be perceived as a way to decide what to share within

their platform that contributes towards building awareness or edu-

cating the public about a matter. From these experts’ practices, the

formulated understanding is that social media discourse influences

decisions about what to report or even how to intervene within them

through counter-narratives or verification efforts.

In commercial or brand marketing, social media discourses can

have been used to shape organisational reputation and inform strate-

gic decision-making (Di Domenico et al., 2021; Mills and Robson,

2020; Visentin, Pizzi, and Pichierri, 2019). On one end of profitable

purposes, these organisations monitor them to identify opportunities

for strategic positioning, brand engagement, and market advantage.

On the other end of reputational purposes, they are tasked to manage

the risks associated with the unpredictable spread of misleading nar-

ratives that undermine consumer trust and damage brand reputation

(Bakir and McStay, 2018; Cock Buning, 2018; Weiss, 2021). With this

in mind, it is evident that analysing social media discourses becomes
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central to both proactive strategies for business growth and reactive

efforts to safeguard organisational integrity.

Across these domains, a shared concern centres around the ability

to make sense of and intervene in the evolving dynamics of social

media discourse. These examples from different organisations illus-

trate that public discourse is a fast-paced and ongoing process. Their

impacts can be seen from how they actively shape and are shaped

by shifting perceptions and behaviours. Hence, this research refers

to decision-making as interpretive and strategic judgements made

by professional communicators through social media discourse. E. g.,

these decisions could include determining whether and how to re-

spond to emerging narratives or misinformation, adapting messag-

ing strategies based on behaviours, prioritising issues that require

immediate intervention, or evaluating the impact of communicative

actions.

2.1.3 Section summary

This section has established the relevance of social media as a site

where discourse unfolds and shapes societal responses to societal

matters. Through examples drawn from several domains, the sec-

tion within this chapter so far has articulated how decision-making

practices rely on interpreting these constantly evolving social media

discourses. This includes how analysing social media discourses can

support organisations in fulfilling their responsibilities and achiev-

ing their intended impact. The issues discussed here demonstrate a

clear need for tools or approaches that provide the ability to support

those responsible for analysing and responding to such practical soci-

etal concerns. This situates the problem that the thesis is addressing

within decision-making by emphasising the importance of designing

solutions that align with the real-world relevance and responsibilities

of those managing these environments. The next section reviews the
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multidisciplinary perspective that contributes to the empirical work

of this thesis.

2.2 computational approaches for social media analy-

sis

Computational approaches, such as NLP methods, have been widely

used in the field of Machine Learning (ML) to extract meaning from

textual data (Hirschberg and Manning, 2015). This section first re-

views computational approaches that have been proposed as support-

ive indicators. I. e., stance detection, sentiment analysis, harmfulness

detection, and popularity analysis. These approaches are categorised

in this section based on their wide adoption in the literature for sup-

porting the interpretation of complex social media data.

The section then proceeds to review approaches that model dis-

course structures by incorporating them as contextual information

during computational learning. This focuses on methods within the

problem scope defined in Figure 1 of those that integrate discourse

structures into the analysis. The purpose of this section provide an

understanding of how discourse as contextual information has been

applied in the literature and how it benefits the learning and interpre-

tation. The reviewed computational approaches for social media anal-

ysis will inform the computational grounding of this thesis. Nonethe-

less, these methods should be viewed not as complete automated

solutions, but guidance towards the development of an interactive

design concept.

2.2.1 Supportive indicators for interpretation

2.2.1.1 Stance detection

Stance detection refers to the computational task of identifying the

position expressed in a text towards a specific target, commonly cate-

gorised as in-favour, against, or neutral (Hardalov et al., 2022; Moham-
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mad et al., 2016). This computational approach is a target-specific

task that reflects how a social media user positions themselves with

respect to an entity, claim, or issue (Lillie and Middelboe, 2019). With

that said, these positions within social media are what make stance

detection valuable for analysing social media discourses that convey

a clear position on polarised issues.

Early work in stance detection was influenced by shared tasks such

as SemEval 2016 that provided benchmark datasets and evaluation

standards in political and health-related contexts (Mohammad et al.,

2016). Many of the approaches relied on manually crafted lexicon-

based features, sentiment features, and machine learning classifiers

(Küçük and Can, 2021). However, these approaches struggled with

the complexities of social media data due to the limitation in ex-

tracting semantic meaning between words and phrases and did not

take into account the interpretation of meaning within broader dis-

courses. When transformer-based models were introduced (Vaswani

et al., 2023), their architecture inspired pre-trained encoder models

like Bidirectional Encoder Representations from Transformers (BERT)

(Devlin et al., 2019) for many classification tasks in NLP. Not only

does it improve in providing embeddings that consider these seman-

tic meanings for context, but it also significantly improves classifi-

cation tasks across diverse topics or domain-specific tasks (ALDayel

and Magdy, 2021; Hardalov et al., 2022).

Recent advances in LLMs have shifted this methodological ap-

proach of stance detection (Zhang et al., 2024). For instance, the Chain-

of-Stance framework was proposed to use multi-step reasoning to

produce more interpretable stance predictions instead of the direct

route of classification (Ma et al., 2024). Approaches within LLM rep-

resent an improvement when compared to earlier transformer-based

methods that relied heavily on task-specific parameter optimisation.

Multi-agent LLM systems have also been proposed to address multi-

aspect stance reasoning targeting scalability challenges in traditional

approaches (Lan et al., 2024; Yan, Joey, and Ivor, 2024). Their work
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demonstrated the efficacy of using a multi-agent architecture for the

stance detection task.

Another important trend is the use of synthetic data generated

by LLMs to overcome data scarcity and imbalance. Studies such

as Wagner et al. (2024, 2025) proposed that augmenting stance de-

tection datasets with LLM-generated examples improves robustness

and reduces bias in domains like political discourse. This is because

domain-specific annotated data is limited, and traditional supervised

machine learning tasks rely on it for accurate prediction. However,

the evolution of stance detection approaches has shifted from static

and resource-intensive pipelines towards a more adaptive approach

in handling data from social media environments. This is because

fine-tuning LLM approaches has shown significant performance in

dealing with social media’s complex linguistic patterns and contexts.

Applications of stance detection span misinformation detection (De

Magistris et al., 2022), rumour verification (Alsaif and Aldossari, 2023;

Pamungkas, Basile, and Patti, 2019), credibility analysis (Karande et

al., 2021), and uptake of misleading narratives (Weinzierl, Hopfer,

and Harabagiu, 2021). These applications highlight the broader sig-

nificance of stance detection as an indicator for understanding pub-

lic perceptions for informing decision-making around societal issues.

Within this thesis, stance detection is therefore conceptualised as a

supportive indicator for designing interactive systems that support

stakeholders working within those social media analysis environ-

ments to interpret discourses.

2.2.1.2 Sentiment analysis

Sentiment analysis refers to the computational study of affective

states expressed in text by categorising emotional tone into positive,

negative, or neutral classes (Liu, 2020). This differs from stance detec-

tion, which captures an author’s position towards a target; sentiment

analysis reflects the emotional valence of the text. This distinction is

important in analysing social media discourses because comments



26 literature review

may convey strong emotions without explicitly revealing a position

on a given issue.

Early approaches to sentiment analysis relied on lexicon-based

methods and supervised classifiers trained on annotated corpora

(Bonta, Kumaresh, and Janardhan, 2019). These approaches achieved

significant sentiment analysis results in domains such as product re-

views and political opinion mining (Medhat, Hassan, and Korashy,

2014). However, the complexity of linguistic patterns like informal

languages, multilingual, and multimodal introduced challenges for

these computational methods. E. g., these approaches do not perform

well in recognising languages commonly used on social media com-

ments that carry sarcasm or ironic meanings. These presented chal-

lenges of those traditional methods in analysing sentiments. The ad-

vances in deep learning, such as recurrent and convolutional neural

networks, were proposed to address challenges of those traditional

methods for learning distributed text representations (Zhang, Wang,

and Liu, 2018).

There is an observed shift to sentiment analysis, similar to stance

detection, where approaches were proposed using transformer-based

architectures and LLMs (Krugmann and Hartmann, 2024). The

Generative Pretrained Transformer (GPT) model was adopted in sen-

timent classification to tackle problems like understanding context

and detecting sarcasm (Kheiri and Karimi, 2023). Their work reported

improvements over baseline methods and a reduction in reliance on

large labelled datasets. Studies have also highlighted the potential

of LLMs in cross-lingual by presenting the significant results in senti-

ment analysis across different online communities in low-resource set-

tings, e. g., minority languages (Chen, Shang, and Wang, 2025; Miah

et al., 2024).

Sentiment analysis has been widely applied across a range of do-

mains that are relevant to the focus of this thesis. For instance, this

perspective is positioned to be valuable for detecting social media

comments designed to provoke strong emotional reactions (Liu, 2020).

Prior studies have shown that sentiment analysis can be used to
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track social media phenomena such as the spread of misinformation,

which was shown to be correlated to emotionally charged informa-

tion (Alonso et al., 2021; Preston et al., 2021). Negative emotions such

as fear and anger have also been shown to increase the circulation

of social media information regardless of its factual accuracy (Wang

et al., 2019; Weeks, 2015).

Sentiment analysis has also been applied to track shifts in public

mood during elections, policy debates, or crises in political communi-

cation (Ceron et al., 2014). Besides, sentiment can serve as a proxy for

reputation management for organisations to detect negative public

reactions and implement corrective strategies in brand communica-

tion (Guo, Fan, and Zhang, 2020). Meanwhile, it was highlighted that

monitoring sentiment in real time can support timely interventions in

health, disaster, and humanitarian contexts within crisis informatics

research (Reuter, Hughes, and Kaufhold, 2018).

This thesis hence positions sentiment analysis as an important as-

pect for understanding the emotional dimension of social media dis-

courses during decision-making. Across the reviewed literature so

far, their influence has been shown to impact virality and engage-

ment within discourse on social media for decision-making. E. g., this

means that identifying a surge of negative reactions around a public

health campaign or brand event can potentially inform timely inter-

ventions for management of strategies within organisational goals.

2.2.1.3 Harmfulness detection

Harmfulness in computational tasks involves concepts such as toxic-

ity (Sheth, Shalin, and Kursuncu, 2022) and hate speech (Cinelli et al.,

2021). This perspective has become an important focus in research

related to false information on social media (Alam et al., 2022). This

focus arises from the observation that malicious actors frequently use

inflammatory and harmful language to amplify the reach and impact

of misleading content (Sharevski, Jachim, and Florek, 2020). Prior

studies have demonstrated a clear link between harmfulness and

misinformation spread. E. g., showing that toxic language (Pascual-
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Ferrá et al., 2021; Salminen et al., 2020) and hate speech (Evolvi, 2018;

Sharma et al., 2020) contribute to increased user engagement and at-

tention. Recent research involving fact-checkers has also highlighted

that harm assessment can assist in prioritising intervention efforts

(Sehat et al., 2024).

A recurring debate within this area of research is how harmfulness

is conceptualised and annotated. Researchers have treated harm cate-

gories such as hateful, offensive, toxic, racist, or sexist as interchange-

able (D’Sa, Illina, and Fohr, 2020), although these concepts represent

distinct phenomena (Waseem et al., 2017). This lack of clarity has

influenced shared tasks providing various datasets (e. g., Offensive

Language Identification Dataset (OLID) (Zampieri et al., 2019), Hate

Speech and Offensive Content Identification (HASOC) (Mandl et al.,

2019), Hatebase (Hatebase, 2022)). Across these examples, differences

in annotation guidelines make direct comparisons between models

and tasks challenging (Alkomah and Ma, 2022; Chhabra and Vish-

wakarma, 2023). As a result of these broad definitions, it is safe to say

that harmfulness detection is not a straightforward computational

problem, but is closely related to shifts in social norms and annotator

subjectivities.

Early approaches relied on lexicon-based methods or supervised

machine learning classifiers such as Support Vector Machines (SVM)

and Naïve Bayes (NB). One limitation of traditional classifier mod-

els is their inability to capture contextual meanings and the diverse

linguistic expressions found in social media (Fortuna and Nunes,

2018). With the rise of deep learning, transformer-based architec-

tures have demonstrated comparable performance and significance in

stance detection and sentiment analysis, as discussed earlier. For in-

stance, pseudo-label fine-tuning of transformers was proposed to im-

prove zero-shot hate speech detection in non-English languages (Zia

et al., 2022). Their work addresses the common problem within low-

resource scenarios in NLP. The benefits of pre-trained deep learning

models are that downstream tasks can adapt them using fine-tuning

strategies without requiring a large dataset to train from scratch. Sim-
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ilarly, a hypothesis engineering with natural language inference mod-

els was proposed to improve zero-shot detection without the need for

domain-specific fine-tuning (Goldzycher and Schneider, 2022).

The observed effectiveness of LLMs similarly extends to detecting

hate speech (Albladi et al., 2025). Some benchmark work was con-

ducted using GPT-3.5 and GPT-4 on Twitter datasets covering hate

speech, offensiveness, and emotions (Bauer, Preisig, and Volk, 2024).

Their work demonstrated that while LLMs perform well in general,

but are sensitive to the design of prompts and selection of examples

introduced to them. A structured evaluation framework and a toxicity

metric were proposed by outlining the challenges of bias, reliability,

and consistency when deploying LLMs for harmfulness detection at

scale (Koh et al., 2024).

A promising and emerging direction of research has used LLMs to

uncover coded or evolving forms of harmful speech, such as novel

antisemitic terms circulating in extremist communities (Kikkisetti et

al., 2024). Recent surveys underline that although these models gener-

alise across multiple forms of abuse (hate, harassment, toxicity), per-

sistent issues remain around data imbalance, evolving vocabularies,

and false positives (Diaz-Garcia and Carvalho, 2025). The harmful-

ness detection approaches reviewed in this section suggest that their

impact within social media can be regarded as a supportive indicator.

This thesis, therefore, hypothesises that social media analysis requires

such a perspective as it captures dimensions of social media discourse

that can affect the safety of entities exposed to social media harms.

2.2.1.4 Popularity analysis

Popularity, commonly discussed interchangeably with the term viral-

ity, denotes the degree of engagement a piece of content achieves

on social media platforms (Güner, Cebeci, and Aydemir, 2025; Ngai,

Singh, and Yao, 2022; Solovev and Pröllochs, 2022). Common engage-

ment indicators on social media include likes, shares, comments, and

reposts. These are all quantifiable measures of social media users’ in-

teraction. This is relevant for analysing social media discourses as
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supportive measures because they have been widely used to under-

stand how information circulates within social media networks. Not

only that, these have been used to calculate virality metrics. These cal-

culated scores have been used to inform early intervention strategies

in managing the spread of misinformation, rumours, or harmful nar-

ratives (Bessi et al., 2015; Kim, 2018; Shao et al., 2016; Shu, Bernard,

and Liu, 2019).

Research suggests that popularity on social media information can

be influenced by factors such as psychological, social, and algorith-

mic. For instance, emotionally charged and morally framed content

tends to propagate more rapidly online (Solovev and Pröllochs, 2022).

Meanwhile, coordinated inauthentic behaviour and platform recom-

mendation algorithms can be manipulated to amplify narratives ac-

companied by agendas (Shao et al., 2016). Monitoring virality pat-

terns has been highlighted as a way to help stakeholders anticipate

public reactions to interventions, such as vaccination campaigns, and

to evaluate potential risks to public trust (Xu and Guo, 2018). As a

result of these emphases on popularity measures, they can offer a

complement to text-based analyses for providing a more holistic un-

derstanding of the evolution within social media discourses.

Alongside popularity metrics, topic modelling has been commonly

adopted to identify dominant themes and recurring discussions

within large-scale social media textual data. Approaches such as

Latent Dirichlet Allocation (LDA) (Blei, Ng, and Jordan, 2003) have

been applied to cluster discourses into topics. Neural extensions such

as neural variational inference (Srivastava and Sutton, 2017) and topic

models (Dieng, Ruiz, and Blei, 2020) facilitate the modelling of more

complex discourse structures. Recent method like ViralBERT was pro-

posed to combine content embeddings from BERT with user-level

metadata (e. g., follower counts, hashtags) to predict retweet1 virality.

Their work considers both textual feature analysis and temporal dy-

namics on social media, including aspects such as popularity trends.

1 A retweet (on the platform formerly known as Twitter, now X) is a re-posting of

another user’s post.
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A recent study proposed a multi-layer temporal Graph Neural Net-

work (GNN) framework for popularity prediction in social media (Jin,

Liu, and Murata, 2024). Their work primarily focused on understand-

ing how information spreads across social media networks over time.

A Popularity-Aligned Language Model (PopALM) was proposed to

improve predictions of social media responses by aligning language

representations with popularity trends (Yu, Li, and Xu, 2024). Their

work demonstrates the potential of integrating textual and engage-

ment signals in predictive models. Meanwhile, Elmas, Stephane, and

Houssiaux (2023) examined Twitter’s (currently known as X) “Vi-

ral Tweet” feature and argued that the ratio of retweets to follow-

ers offers a more reliable indicator of virality than absolute retweet

counts. Their work critically mentioned that conventional thresholds

frequently produce false positives. Popularity is therefore motivated

within the mentioned literature and formulated as a supportive fea-

ture in analysing social media discourses in this thesis.

2.2.2 Improved learning through modelling contexts from social media dis-

course

The previous section reviewed computational indicators that cap-

ture various aspects of social media texts. While these methods have

proven effective, a common limitation within these approaches is that

they analyse social media texts as separate instances (as related to the

problem scope outlined in Chapter 1, Section 1.1). In doing so, they

overlook the interconnected nature of social media discourse, where

meaning is shaped through sequences of interactions across discourse

threads. This gap motivates the present research and aligns with a

growing body of work that highlights the importance of contextual

modelling. Some prior studies have taken on this direction to cap-

ture discourse structures by recognising how ideas, arguments, and

responses unfold within interactions (Haupt, Li, and Mackey, 2021;

Kalantari, Liao, and Motti, 2021; Silva et al., 2020).
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The following review focuses on stance detection as a representa-

tive task to illustrate how discourse-level context has been integrated

into computational learning models. Although this thesis primarily

emphasises stance detection (with the rationale detailed in Chapter

3), the challenges and motivations discussed here are relevant to a

broader set of supportive indicators. Early research proposed using

recurrent neural networks, such as Long Short-Term Memory (LSTM)-

based models with attention mechanisms, to model branches of social

media discourses for stance detection (Poddar et al., 2018; Zubiaga

et al., 2018). Their work improved performance by explicitly repre-

senting the connections within discourse interactions. However, the

limitations in their work were the assumptions that social media dis-

course can be reduced to sequential data rather than framing it as a

network of responses.

Building on this limitation, hierarchical models were introduced.

For instance, a combined hierarchical and attention-based mechanism

was proposed to capture both local and global dependencies across

discourse (Yu et al., 2020). Their work showed improvements in stance

detection when discourse structures were incorporated for automatic

rumour verification. The introduction of pre-trained language mod-

els further advanced this direction. Branch-BERT was proposed to en-

code discourse structure with transformer-based architectures (Li et

al., 2023a), while target-specific contextual encoders improved stance

detection for claims and entities (Li et al., 2023b).

More recent approaches continue to emphasise discourse-level con-

texts for model learning. A Global–Local Attention Network (GLAN)

was proposed on a multi-turn conversational stance detection dataset

(Niu et al., 2024). Their work demonstrated how both short-range

and long-range dependencies across conversational threads influence

stance prediction. Similarly, the Transformer-based Architecture for

Stance Detection with Embeddings TASTE was proposed to integrate

structural embedding of conversations with transformer-based text

encoders to jointly capture content and discourse structure (Barel,

Tsur, and Vilenchik, 2025). Their work underscores the benefits of
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modelling social interaction patterns. Prior studies addressed limita-

tions of stance detection through contextual reasoning. For instance,

Stance Reasoner was proposed to combine pre-trained models with

explicit reasoning steps and background knowledge to improve zero-

shot stance detection (Taranukhin, Shwartz, and Milios, 2024). Mul-

tiClimate was proposed to integrate textual transcripts (similar to a

format of social media discourse) from climate change videos with vi-

sual content to model multimodal context for stance detection (Wang

et al., 2024). This thesis draws on prior work to motivate the integra-

tion of social media discourse as a source of context for computational

models. Apart from addressing the problem definition (see Section

1.1), the broader goal within this thesis is to illustrate how discourse-

level computational methods can be used to innovate human-centred

design.

2.2.3 Section summary

This section has reviewed computational approaches for obtaining in-

terpretive indicators from social media texts, including stance detec-

tion, sentiment analysis, harmfulness detection, and popularity anal-

ysis. These indicators have demonstrated their relevance in represent-

ing complex data in addressing challenges within social media. How-

ever, their limitation were present in how model learning of texts

does not consider the context of connecting instances that formulate

a discourse. This overlooks the meaning that is constructed through

these very interactions that contribute the most impact toward issues

within social media platforms.

Recent advances in NLP models for stance detection addressed

this using hierarchical architectures, attention mechanisms, and pre-

trained language models adapted to incorporate discourse structures.

These approaches have shown performance improvements but high-

light the need for models to recognise these contexts during learning.

This review thus motivates the thesis’s focus on developing computa-
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tional methods that capture the discourses of social media as context

in Chapter 4. The findings from this study contribute to the HCI de-

sign process by providing foundational evidence for design consider-

ations that are motivated by the capabilities and limitations of current

computational approaches for social media analysis.

2.3 human-centred design for decision-making support

Computational approaches have demonstrated clear benefits in ad-

dressing challenges related to understanding social media discourses.

However, their practical effectiveness depends on their integration

with human-centred design principles that connect computational

outputs with human interpretation. This section reviews existing

human-centred design approaches by categorising them in various

ways they have been approached to support decision-making within

the scope of social media analysis.

2.3.1 Conversational interfaces

Interactive conversational agents have been developed to support or

nudge social media users to make better decisions about what con-

tent to share or engage with on social media. Piccolo et al. (2021)

developed a multi-agent system that first alerts social media users

to potential misinformation, then uses a conversational bot to pro-

vide evidence from fact-checkers. Their work encourages users to

engage in reflective evaluation and informed judgment when de-

ciding what social media content to consume. Similarly, Gunson

et al. (2021) developed a conversational AI system for debunking

COVID-19 misinformation. Their work supports users’ information

consumption decisions by exposing circulated myths and providing

reliable alternatives from authoritative sources. These approaches can

be centred around either general users of social media or expert

users for decision-making related to their respective roles. However,
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when examining the effectiveness of these conversational interfaces

in broader terms, such as generalisability and scalability, they remain

constrained. More recent developments, such as ChatGPT (OpenAI,

2025), Copilot (Microsoft, 2025), and Claude (Anthropic, 2025). These

recent conversational agents have demonstrated their capability in

performance through linking social media discourse output to infor-

mation sources (Haleem, Javaid, and Singh, 2022)

Although conversational interfaces provide flexibility through user

interaction, integrating them into professional workflows can present

challenges. For instance, there is a lack of structured support when

navigating a complex social media environment. This is because

they require users to initiate the interaction actively to obtain rele-

vant insights. In the workflows of social media analysis profession-

als, they typically work under time constraints that require a more

structured process (Cavaliere, 2020). This open-ended mode of inter-

action can be inefficient, as it places additional operational demands

on the users and problems targeted by this research. Hence, conversa-

tional systems can be more suitable as supportive components within

broader analytical workflows. Though they are constrained if treated

as standalone solutions for social media analysis. Nonetheless, their

strengths are valued in facilitating related tasks such as summaris-

ing a document, clarifying the meaning behind claims, or retrieving

context for information. Hence, for this thesis, we did not consider

conversational interfaces for the initial phase, as the focus is centred

more on providing structured interfaces for making informed deci-

sions around social media.

2.3.2 Explainability interfaces

Explainable AI techniques have been applied to fact-checking sys-

tems for building transparency and user trust around automated

systems. A fact-checking platform that generates knowledge graphs

was proposed to help users evaluate the veracity of statements by
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providing a clear representation of the underlying evidence (Vedula

and Parthasarathy, 2021). Next, a collaborative frameworks that ex-

tract relevant explanations was proposed to advance benchmarks

for combating misinformation on issues such as COVID-19 (Yang et

al., 2019a). In studies explicitly targeting expert users, explainability

methods such as feature importance, partial dependence plots, and

SHAP (Shapley Additive exPlanations) (Lundberg and Lee, 2017) val-

ues have been integrated into fake news detection systems to demon-

strate how different analytical techniques presented through interac-

tive user interfaces can enhance user trust (Purificato, Shahania, and

{De Luca}, 2022).

However, these works oversimplify the complexities of social me-

dia by reducing the task to a binary classification, such as true versus

false content (Cho, Li, and Lopez, 2024). Plus, these studies do not

provide empirical evidence on how expert users interpret and apply

these explanations in real-world decision-making as claimed. These

approaches were developed with a focus on promoting transparency

in established techniques for explaining the outputs of automated ma-

chine analysis. However, the challenges within social media analysis

extend further than fact-checking pieces of information (Humayun

and Ferrucci, 2022). They can be considered useful within the work-

flow pipeline and for linking facts with automated predictions. How-

ever, they cannot be viewed as a generalised or unified solution for

dealing with the broader range of challenges present in social media.

2.3.3 Simulation and nudging

Simulation-based tools and nudging techniques primarily aim to

influence social media users’ decision-making by engaging them

through active learning to improve media literacy. A web game Fakey

was designed to simulate social media environments, providing an

interactive way to educate users and train them to detect misinfor-

mation (Micallef et al., 2021). A web browser extension, NudgeCred,
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was designed to label the credibility of Twitter(formerly X) tweets

(Bhuiyan et al., 2021). Their work focuses on nudging social media

users to critically evaluate information before deciding whether to

take any action or engage with it. These methods emphasise be-

havioural change and aim to guide decisions that influence social

media users who play a key role in the dissemination of information

online.

Several limitations would impact their practical relevance. First,

evaluating their effectiveness in real-world settings would be chal-

lenging, given that social media users are not bound by external vali-

dation in their beliefs or expressions. Social media users may be more

susceptible to cognitive biases and exhibit reluctance to adopt new

interventions or remain unaware of these issues to which they are

exposed (Modgil et al., 2024). Second, the societal impact of target-

ing general social media users is limited because they do not hold

decision-making authoritative roles to represent societal challenges.

Third, the scalability of such interventions raises concerns about the

efficiency and sustainability. This is because they are targeting a vast

number of social media users for behavioural strategies.

2.3.4 Visual analytics tools

Visual analytics translates computational linguistic analyses into vi-

sual formats and has been widely adopted to reduce cognitive load

in decision-making (Endert et al., 2017; Salamkar, 2024). While these

tools are primarily designed for experts, they can be extended to

any user interested in understanding social media dynamics. exRu-

mourLens was developed to summarise rumour propagation and cred-

ibility (Phan et al., 2022). TweetCred provides real-time credibility scor-

ing (Gupta et al., 2014). MisVis developed a visualisation of misinfor-

mation prevalence on websites (Lee et al., 2022). Despite their ad-

vantages in summarising automated outputs into visuals, these de-

sign concepts tend to oversimplify the complexity of social media dis-
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course and do not consider the nature of social media discourses in

design. As a result, exploring social media discourse limits users’ abil-

ity to connect reasoning within these visual analyses. Several commer-

cial platforms have developed tools centred around human decision

making, such as CrowdTangle (Garmur et al., 2019) and PeakMetrics2.

These were designed to provide trend monitoring and narrative anal-

ysis. Although they are designed for humans, they did not address

transparency or document any design knowledge through user-level

iterations or evaluations.

Many design approaches in this section are limited in scope as they

focus on specific issues such as misinformation or rumours. While

these are important concerns, they represent only a limited perspec-

tive of the broader challenges associated with social media. For this

reason, such approaches cannot generalise well across domains. This

is because their limitation present a risk of overlooking different ways

in which varying social media users and communities engage with so-

cial media. For this thesis, design efforts focus on creating tools that

support a broader range of users and inform decisions with societal

impact. Visual analytics tools offer a unified approach by integrat-

ing multiple computational indicators within a single interface. This

approach allows users to understand complex social media environ-

ments and make informed decisions based on the design’s effective-

ness.

2.3.5 Section summary

Human-centred design in social media analysis involves developing

strategies that make complex online data interpretable in ways to

support real-world workflows. While progress is evident, significant

challenges remain in improving these computational outputs through

interactive design, as key decision-makers’ responsibilities lie in act-

ing on these insights. This review examined various interaction meth-

2 https://www.peakmetrics.com/
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ods and concluded that visual analytical tools offer a more unified

approach. The other approaches reviewed in this section are limited

in their impact, but are useful as subcomponents that contribute to or

are integrated within visual analytic systems for future enhancement.

Moreover, this research focuses on expert users who are directly re-

sponsible for addressing these challenges in their professional roles,

to support broader impacts. Designing for this user group holds par-

ticular value, not necessarily because targeting expert users is more

effective, but because the gap between the design and real-world im-

pact can be bridged more directly. These individuals already recog-

nise the value of analysing social media to inform decisions and drive

societal impact. Plus, they hold influential positions within their or-

ganisations to translate analytical insights into purposeful interven-

tions. All in all, these factors support our conclusion that the design

of more effective human-centred analytic tools is needed to facilitate

informed decision-making.

2.4 chapter summary

This chapter established the foundation for the thesis by reviewing

the role and impact of social media and discourse in shaping pub-

lic opinion, institutional trust and decision-making (see Section 2.1).

The chapter then examined real-world settings where social media

plays a central role in influencing actions, drawing examples from

government, public health, policy-making, and commercial manage-

ment. These examples highlight the need for supporting profession-

als to interpret social media discourse better in their decision-making

workflows.

To ground the empirical work of this multidisciplinary research,

the chapter also presented a review of both computational ap-

proaches and human-centred design approaches in relevant cate-

gories. This thesis addresses a common limitation across both aspects:

the overlooking of the contextual foundations within discourses on
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social media. Although discourse plays a critical role in shaping in-

fluence within social media environments, limited studies have con-

sidered incorporating discourse-level insights within computational

modelling to inspire an interactive design of a tool.

The empirical work of this thesis addresses this gap, starting with

a study on implementing computational approaches for analysing so-

cial media discourses. The review in Section 2.2 guided the study’s

direction and highlighted the importance of indicators such as stance,

sentiment, and harmfulness. Then, Section 2.3 examined human-

centred design approaches for social media analysis. Many systems

have been proposed to bridge computational outputs with user inter-

pretation, e. g., conversational agents, explainability interfaces, simu-

lation and nudging, and visual analytics tools. However, a consistent

limitation remains, which they often fail to scale across domains or

adequately support the interpretation of discourses in complex social

media environments. Although visual analytics tools offer a more uni-

fied approach by integrating multiple computational outputs, many

still struggle to represent discourse structures that shape meaning

across interactions.

This thesis proposes a computational framework for modelling dis-

course context as a foundation for interface design that better sup-

ports expert workflows (see Chapter 4). Building on insights from the

computational learning study, the resulting prototype addresses these

limitations by incorporating discourse-level interactions into the de-

sign (see Chapter 5). These empirical chapters reinforce the thesis’s

focus on integrating discourse context not only into computational

modelling but also into interface design for expert users.

Designing for professionals already engaged in impactful decision-

making provides a practical route to real-world relevance. These users

are positioned to act on analytical insights and to guide improved de-

sign choices. The design approach is further evaluated through two

empirical studies: a mixed-method study with general users to val-

idate the design rationale (see Chapter 6) and an expert interview
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study to assess its practical utility in real-world decision-making con-

texts (see Chapter 7).





3
A P P R O A C H

This chapter outlines the methodological approach that guides the

conceptual design and the data collection and analysis methods used

in this thesis. The chapter explains the rationale for adopting a multi-

phase, mixed-methods strategy and details how each empirical study

contributes to answering the research questions set out in this thesis.

The main approach integrates computational learning, prototyping,

and empirical evaluation to ensure both conceptual and practical rel-

evance. The research process is organised into four interconnected

studies: (1) an investigation of computational methods to inform and

justify the design rationale; (2) the creation of DiscourseDash, a func-

tional dashboard interface to support interactive evaluations; (3) a

mixed-methods study, to gather insights from general users partici-

pants, and (4) an interview study to to gather insights aligning design

with industry experts as participants.

43
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studies description

Computational

methods

(Chapter 4)

Experiment with practical model development to

motivate design rationale.

Prototyping

(Chapter 5)

Producing a functional design interface to sup-

port interactive evaluations.

Mixed-method

(Chapter 6)

Combining surveys and interviews of general

user insights; analysed using statistical and the-

matic approaches.

Consideration

of experts

(Chapter 7)

Interviews with industry experts to examine

alignment with professional practice; analysed

thematically.

Table 1: Overview of research approaches.

3.1 methodological approach

This research is situated within a design-oriented paradigm, where

designing for social media analysis serves as a method for exploring

broader questions about human-AI interaction and user agency in al-

gorithmic systems. Research-through-Design (RtD) provides an over-

all framework regarding the iterative creation, evaluation, and reflec-

tion on artefacts as a means of generating knowledge (Zimmerman,

Forlizzi, and Evenson, 2007). Let us draw a parallel to the field of

game design, where Zimmerman and Salen (2003) argues that design

itself is a form of research and defines design in relation to research

as follows:

Design is a way to ask questions. Design Research, when it

occurs through the practice of design itself, is a way to ask

larger questions beyond the limited scope of a particular

design problem.

— Zimmerman and Salen (2003, p. 184)
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In this thesis, a functional prototype, also known as an “artefact”

is treated as a research instrument, rather than an end product for

social media analysis. Its design processes support the research to

investigate how analysing social media discourses can be integrated

into decision-making workflows for addressing limitations reflected

in Chapter 2. While much RtD work emphasises the final prototype

and presents design steps as standard illustrations for research, it

is within these iterative design activities, including experimentation,

reflection and adaptation, that valuable insights are produced.

The designing act of creating prototypes is in itself a po-

tential generator of knowledge (if only its insights do not

disappear into the prototype, but are fed back into the

disciplinary and cross-disciplinary platforms that can fit

these insights into the growth of theory).

— Stappers (2007, p. 87)

RtD frames the design process as a generative research practice, but

translating these insights into actionable knowledge requires ground-

ing the prototype development in established frameworks from HCI.

HCI in broader terms provides the theoretical foundation for un-

derstanding human-computer interactions (Dix, 2010; Lazar, Feng,

and Hochheiser, 2017). Within HCI, there is an associated design

philosophy referred to as Interaction Design or Human-Centred De-

sign (HCD) (these terms will be used interchangeably in this thesis)

that focuses on human factors in the heart of design processes. HCD

offers an established principle to practically guide the creation of sys-

tems that respond to users’ goals, tasks, and constraints (Giacomin,

2014; Saffer, 2010). Following these allows the research to bridge con-

ceptual and applied perspectives, informing design decisions that re-

main grounded in user needs.

The challenge, however, within HCI research is integrating compu-

tational innovations with users’ workflows. However, grounding de-

sign decisions in practical technical realities helps mitigate the risks

of over-optimistic or unfeasible design concepts (Baldassarre et al.,
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2024). In the broader HCI and AI design literature, making technical

boundaries explicit is argued to prevent unrealistic expectations. For

instance, Shneiderman, 2022 encourages designs that inspire without

exaggerating capabilities. Bender et al., 2021 emphasises that pre-

development exercises are a form of evaluation to fit planning into

broader goals in research. From a transparency point of view, Mitchell

et al., 2019 argues for documenting the model’s limitations, perfor-

mance characteristics and intended uses.

The challenge of designing human-AI interactions is frequently

linked to low-quality ideation (Yang et al., 2019b, 2020; Yildirim et

al., 2024). These studies suggest a common gap where engineers pro-

pose solutions that fail to meet user needs, whereas designers may

generate concepts that are technically infeasible. Taking these into ac-

count, this research ensures the design concepts remain grounded in

the constraints of the underlying computational architecture and the

realities of implementation. This step was placed as a core component

of the iterative design process, not only to anticipate computational

realities but also to motivate our design concept.

The success of design solutions was “judged based on the rele-

vance to the individual who ultimately must use the creation” (Kolko,

2011). With that, users are involved in a two-phase evaluation study

to assess both practicality and professional relevance in this thesis

(Lazar, Feng, and Hochheiser, 2017). The first phase engaged gen-

eral users through scenario-based tasks to simulate real-world sys-

tem use (Carroll, 2003), while the second phase involved industry

experts evaluating alignment with professional practices. Incorporat-

ing both perspectives allows this research to provide complementary

insights. Meaning that general users can perform a detailed explo-

ration of interactive features, whereas experts contribute higher-level

insights grounded in real-world professional contexts. This integra-

tion bridges design theory with practical application (Zimmerman,

Stolterman, and Forlizzi, 2010). Overall, these established approaches

provide a structured yet adaptable framework for this thesis to guide
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the interactive design of computational innovations while keeping

user needs central.

3.2 development of the design concept

In line with the overall methodological approach outlined in the pre-

vious section, this section details the development of the design con-

cept through a sequential process from computational learning to con-

necting computational insights with design and prototyping.

3.2.1 Conducting computational learning

Suppose you have an application that you think machine

learning might be good for. The first problem facing you

is the bewildering variety of learning algorithms available.

Which one to use?

— Domingos (2012, p. 79)

This question highlights the importance of adopting a systematic

approach when applying machine learning in both research and prac-

tical applications. In practice, this process can be broadly charac-

terised by three key stages: (1) defining the computational task; (2)

identifying limitations in current approaches; and (3) selecting and

adapting appropriate modelling techniques.

3.2.1.1 Defining the computational task

A computational task formalises what a human is trying to obtain

from a dataset in a form that can be learned by a machine (Domin-

gos, 2012; Lake et al., 2017). For instance, when a human is working

with a large, noisy, and linguistically complex dataset from social me-

dia, the process of manual interpretation becomes impractical. For

automated analysis to support that process, it is necessary to clar-

ify the intended outcome. In supervised machine learning (Caruana
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and Niculescu-Mizil, 2006), this means specifying a target objective

that guides model development and ensures alignment with broader

aims. This allows a computational task to replicate aspects of human

analysis in a way that is automated and suitable for integration into a

design pipeline. This definition is fundamental in guiding a targeted

implementation of a standard machine learning pipeline to solve a

problem.

3.2.1.2 Identifying the limitations in current approaches

Despite considerable algorithmic progress, computational learning is

constrained as much by the characteristics of available data as by the

design of the algorithms themselves (Akter et al., 2022). Data lim-

itations consistently represent the primary limitation preventing ef-

fective model performance and broader adoption (Mumuni and Mu-

muni, 2022). This has resulted in limited training data with relevant

labels to specific computational tasks. The machine learning commu-

nity has responded to these challenges through targeted solutions,

such as transfer learning (Weiss, Khoshgoftaar, and Wang, 2016), data

augmentation (Mumuni and Mumuni, 2022), and few-shot learning

(Yin, 2020).

This concern is relevant to the context of social media discourses

in this research. As outlined in Chapter 2, the majority of available

datasets and experiments are designed around classification tasks

and do not reflect the discursive structures of social media environ-

ments. Through these considerations, this thesis addresses computa-

tional learning in the context of data limitations by leveraging data

augmentation, which allows the creation of additional training ex-

amples to reflect the structure of social media discourses. By situat-

ing the pipeline within this problem framing, the research adopts a

problem-driven approach that ensures computational learning pro-

cesses reflect the contexts in which they are applied. As prior work

has similarly emphasised, the construction of computational learning

pipelines begins with identifying and refining a problem formulation,
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as informative outcomes depend on translating domain-specific ques-

tions into computationally tractable tasks (Domingos, 2012).

3.2.1.3 Selecting and adapting modelling techniques

After defining the task and identifying limitations in existing meth-

ods, the next stage involves selecting and adapting appropriate

modelling techniques. Approaching this through an NLP structured

pipeline, prepare a model to achieve the formulated computational

task. This typically involves the following sequential steps:

data pre-processing

Pre-processing of textual data is a fundamental step in preparing a

dataset for any computational learning tasks. Decisions made at this

stage directly influence model performance, as textual data typically

exhibits noise and inconsistencies that can affect how a model learn

informative patterns from it. The following are some common tech-

niques applied to preserve relevant information while reducing irrel-

evant variability.

• Tokenisation (Palmer, 2000) breaks text into units, i. e., tokens,

which can include words, phrases, or symbols. This process han-

dles sentence segmentation in informal or noisy text, handling

unconventional grammar, abbreviations, and emojis, and con-

verting special characters into machine-readable tokens.

• Noise removal (Al Sharou, Li, and Specia, 2021) removes con-

tent that can interfere with pattern recognition, such as URLs,

non-alphanumeric characters, extra whitespace, stop words, re-

peated punctuation, etc. .

• Normalisation (Patro and Sahu, 2015) standardises text by ap-

plying methods such as lowercasing, consistent encoding (e. g.,

UTF-8), and converting emojis to descriptive texts.
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• Lemmatisation and stemming (Khyani et al., 2021; Singh and

Gupta, 2017) reduce morphological variation by converting

words to their root forms. Lemmatisation preserves semantic

meaning via dictionary lookups (e. g., “jumping” → “jump”),

whereas stemming applies algorithmic rules that produce non-

words but are more computationally efficient (e. g., “studies”→

“studi”).

• Data resampling addresses class imbalance using techniques

such as Synthetic Minority Over-sampling Technique (SMOTE)

(Chawla et al., 2002) or data augmentation (Maharana, Mondal,

and Nemade, 2022). E. g., synthetically increasing instances of

the minority class to balance the dataset with the majority class

to reduce potential bias against underrepresented categories.

feature representations

Machines do not process words or understand meaning in the same

way humans do. During their learning process, they rely on numeri-

cal representations of text, which encode patterns, relationships, and

contexts. The process of translating raw text into these numerical

forms is a foundational step in NLP known as feature representa-

tion. Techniques to achieve that can range from simple encodings

of word presence or frequency to distributed embeddings that cap-

ture semantic relationships in continuous vector spaces. Traditionally,

NLP relied on manually engineered features designed using linguis-

tic knowledge. Deep learning, on the other hand, automatically learn

latent feature representations from large corpora. In both cases, tex-

tual data must be converted into numerical vectors, a process known

as vectorisation, to be compatible with machine learning algorithms.

• Traditional representations focus on explicit word-level pat-

terns rather than underlying meaning. The following are some

techniques. Bag-of-Words (BoW) (Zhang, Jin, and Zhou, 2010),

N-gram encoding (Brown et al., 1992) (e. g., unigrams, bigrams,
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trigrams), Term Frequency–Inverse Document Frequency (TF-

IDF) (Qaiser and Ali, 2018) represent words using frequency-

based statistics. Although these methods are computationally

efficient, they fail to capture semantic relationships in recognis-

ing conceptually similar words or phrases that convey related

meanings.

• Word embeddings overcome this limitation by representing

words as dense vectors that capture both semantic and syntactic

relationships. Word2Vec (Mikolov et al., 2013), GloVe (Penning-

ton, Socher, and Manning, 2014), FastText (Bojanowski et al.,

2017) represent words in a continuous vector space by placing

those with similar meanings close together. However, these em-

beddings remain static and do not adjust to the specific context

of a sentence.

• Contextualised embeddings through deep learning allow mod-

els to capture semantic and syntactic information dynamically.

This is different from static word embeddings, as it adapts to

surrounding words by allowing the representation of meaning

at the sentence level. Transformer-based architectures (Vaswani

et al., 2023), built on attention and encoder–decoder mecha-

nisms for producing representations that can be adjusted for

specific tasks. BERT (Devlin et al., 2019) uses a bidirectional en-

coder architecture to learn context-dependent representations.

Other approaches include Convolutional Neural Network (CNN)

(O’Shea and Nash, 2015), which inspired TextCNN (Guo et al.,

2019) by enabling the extraction of local dependencies in text

sequences.

Amongst these, contextual representations are evolved approaches

that capture both meaning and structure in ways that static embed-

dings cannot. In turn, this leads to improved performance across var-

ious types of NLP tasks. This makes contextual embeddings well-

suited to the computational learning task explored in this thesis

around social media discourses.
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model learning

Model learning refers to the design of algorithms that automatically

identify and generalise patterns from data. This is where machines

learn to perform predictive tasks in automating aspects of human

analysis.

Neural networks are a class of machine learning models that ap-

proximate complex functions through layers of interconnected com-

putational units (inspired by biological networks of neurons). Early

developments began with the perceptron for supervised learning

(Rosenblatt, 1958) and were later extended into multilayer percep-

trons. A neural network consists of an input layer, one or more hidden

layers, and an output layer. Each unit computes a weighted sum of

its inputs, followed by a non-linear activation and training process is

typically performed using back-propagation (Rumelhart, Hinton, and

Williams, 1986). Figure 3 presents a simple neural network for text

classification, where input text is represented as embeddings, trans-

formed through hidden layers, and mapped to output predictions.

Although a single perceptron is limited to linear decision boundaries,

the concept of stacking multiple layers allows the network to learn

non-linear mappings. This progressively transforms the input space

into a representation where the data becomes more linearly separable.

Then, the final output layer applies a simple linear classifier to these

transformed features.

Deep neural networks are also known as deep learning. When

computational hardware advanced, the evolution brought forward

the capability of neural networks to accommodate greater depth for

representational capacity. This advancement eventually led to the de-

velopment of deep residual network architectures incorporating hun-

dreds of hidden layers (He et al., 2016). To address data where or-

der and temporal relationships are important, such as text, speech, or

time-series signals, RNNs were developed to capture these sequential

dependencies. However, gradients within RNNs can either diminish

towards zero (vanishing gradient) or grow uncontrollably large (ex-
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Figure 3: An example of a 3-layer neural network.

ploding gradient). This made training RNNs difficult as information

is back-propagated through many time steps. As a result, this limits

a model’s ability to learn long-range dependencies. With that, pop-

ular approaches such as LSTM (Graves, 2012) and Gated Recurrent

Units (GRU) (Cho et al., 2014) were designed to mitigate these issues

by introducing gating mechanisms that regulate how information is

stored, updated, and forgotten over time. Although effective in man-

aging gradient issues, these models remain inefficient due to their

sequential processing and their difficulty in capturing global context

as the dataset scales.

Transformers overcome the limitations of RNNs by introducing a

self-attention mechanism. This mechanism models dependencies si-

multaneously between all elements of a sequence. The development

of this approach addresses the limitations of sequential computa-

tion by performing better at capturing long-range dependencies. In

NLP, transformer-based architectures have become the state-of-the-

art across a wide range of tasks (refer to Chapter 2). Figure 4 illus-

trates the transformer architecture. The architecture was introduced

by Vaswani et al. (2023) and inspired most of the advances in NLP

pre-trained models such as BERT (Devlin et al., 2019) and GPT (Rad-

ford et al., 2018). This is because the proposed architecture can be
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adapted for various types of NLP computational learning tasks, from

text classification, generation, and translation. The impact is evident

in the development of large pre-trained models that leverage different

components of the architecture to utilise their strengths by training

on large linguistic corpora. As a result, downstream computational

tasks can be adapted through fine-tuning without requiring training

from scratch. Within the transformer, the encoder (left side of Figure

4) produces contextualised representations of input tokens that can

be used for classification or other predictive tasks, while the decoder

(right side of Figure 4) supports generative tasks and serves as the

backbone of models like GPT.

Figure 4: The transformer architecture obtained from the original paper by

Vaswani et al. (2023).
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cross-validation method

K-fold cross-validation is a procedure commonly implemented dur-

ing the evaluation phase of a machine learning model. The use of

this procedure is to provide a more reliable estimate of the model’s

generalisation error. The procedure consists of the following steps:

1. Compute the class proportions for the entire dataset.

2. Divide the dataset into K partitions while preserving the class

proportions calculated in Step 1.

3. For each trial, designate one of the K partitions as the test set

and train the model using the remaining K− 1 partitions com-

bined.

4. Calculate the evaluation metrics across the K trials and report

the aggregated performance.

The procedure yields a reliable estimate of generalisation error for

supporting the evaluation of hyperparameter quality during train-

ing. Figure 5 represents an example of the explained K-fold cross-

validation.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 5

Fold=1 Fold=2 Fold=3 Fold=4 Fold=5

Split 1

Split 2

Split 3

Split 5

Split 4

Performance

Performance

Performance

Performance

Performance

Dataset

Train Test

Fold 4

Figure 5: An example of k-fold cross-validation where k = 5.
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evaluation metrics

The performance of the classification models is then evaluated using

a range of widely adopted metrics to illustrate a model’s performance

in computational learning tasks. These metrics are obtained from the

confusion matrix that summarises the relationship between predicted

and actual class labels. The core elements of a confusion matrix are:

• True Positives (TP): instances correctly predicted as belonging

to a given class.

• False Positives (FP): instances incorrectly predicted as belong-

ing to a given class when they actually belong to another class.

• True Negatives (TN): instances correctly predicted as not be-

longing to a given class.

• False Negatives (FN): instances incorrectly predicted as not be-

longing to a given class when they actually do.

Table 2 presents an example confusion matrix for a three-class clas-

sification task with classes A, B, and C. This example illustrates how

the main evaluation metrics are computed from the core elements of

a confusion matrix.

Predicted class

A B C

Actual A TPA FNA → B FNA → C

Actual B FPB → A TPB FNB → C

Actual C FPC → A FPC → B TPC

Table 2: Example confusion matrix for a three-class classification task with

classes A, B, and C. The arrows→ indicate the direction of misclas-

sification.

A computational task for classifying text is trained on a set of

labelled items (the training set) and then used to classify unseen

items (the test set). For evaluating them, the predictions are compared
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against the ground truth labels. The following performance metrics

are then computed:

• Accuracy measures the proportion of correctly predicted in-

stances within all predictions:

Accuracy =
TP+ TN

TP+ TN+ FP+ FN

• Precision measures the proportion of correctly predicted posi-

tive instances within all instances predicted as positive. For a

given class, it reflects the ability of the classifier to avoid false

positives:

Precision =
TP

TP+ FP

• Recall measures the proportion of correctly predicted positive

instances out of all actual positive instances. For a given class,

it reflects the ability of the classifier to avoid false negatives:

Recall =
TP

TP+ FN

• F1-score is the mean of precision and recall for providing a

balanced measure between the two. It penalises imbalances by

making sure that reported performance takes into account the

balance of precision and recall:

F1 = 2 · Precision ·Recall
Precision + Recall

For multi-class classification tasks, which is the case of this re-

search, accuracy alone does not account for potential biases intro-

duced during training. While accuracy provides a quick overview

of performance, it can be misleading in cases where the model

may perform well simply by favouring the majority class. Hence,

F1-score metrics are commonly computed for each class individu-

ally and then averaged because they provide a better indication of

whether performance is balanced across classes, since low recall or

precision for one class will penalise the overall F1 score. This can

be presented through macro-averaging (treating all classes equally) or

weighted-averaging (weighting by class frequency).
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3.2.2 Connecting computational insights with design

Previous research has argued for grounding interactive design stud-

ies in existing computational limitations to better approximate real-

world use cases and system performance (Baldassarre et al., 2024;

Shneiderman, 2022). This way, design concepts can be perceived as

more reliable regarding challenges that are likely to align closely with

the post-evaluation of a deployed system. Similarly, grounding a de-

sign concept in actual NLP model outputs provides a level of veracity

to the evaluation process for ensuring that user insights are relevant

to both current and near-future technical realities. This thesis adopts

this approach to establish a relationship between computational find-

ings and the design rationale (see Chapter 5).

The aim is not only to motivate the conceptual formulation but

also to ground it in the capabilities and constraints of NLP meth-

ods. With that said, the design is made realistic rather than hypotheti-

cal, positioning the empirical evaluation with users within a concrete

technical context. This integration also enhances ecological validity

by avoiding overly idealised representations of a system (Holleman

et al., 2020). Considering technical feasibility within the design fur-

ther addresses a common concern in HCI research about the risk of

evaluating interfaces that are disconnected from realistic system be-

haviour, causing misleading conclusions about user experience (Ack-

erman, 2000).

3.2.3 Prototyping

Artefact, a term originating in anthropology, refers to a man-made

item. In HCI, artefact items “made by designers” are commonly used

in RtD approaches (Zimmerman, Forlizzi, and Evenson, 2007). Within

this framing, prototypes serve as artefacts that facilitate interaction

and experience with a concept. A prototype is a product-like con-

struction allowing users to engage with and respond to design ideas
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(Lim, Stolterman, and Tenenberg, 2008). The prototyping process is

not solely for producing artefacts for validation. It also explores how

users might interact with computational components and interface

features. In turn, it supports iterative refinement of both the compu-

tational pipeline and the logic flow of interface design to maintain

alignment with user needs (Vermeeren et al., 2010).

Besides, prototyping is understood both as a process of making

and as a mode of investigation in user studies for critical reflection

with real-world practices (Lim, Stolterman, and Tenenberg, 2008; Zim-

merman, Forlizzi, and Evenson, 2007). Typically, the visual and inter-

active elements of a prototype progress from ideation wireframes to

designs informed by visual analytics and preliminary insights. Fol-

lowing approaches in interactive machine learning (Amershi et al.,

2014; Doshi-Velez and Kim, 2017), features of machine learning out-

puts were represented through sortable and filterable visualisations,

contextual views, and colour-coded labels to help users make sense

of complex data.

In this research, prototyping functioned as a methodological com-

ponent to translate computationally driven conceptual designs into

interactive artefacts. The prototype will not only act as a conceptual

representation of the final product, but also as a working representa-

tion during the interactive user studies. They represent early design

hypotheses to facilitate iterative engagement with prospective users.

By placing the prototype within the broader research process, the re-

search maintained a close alignment between computational innova-

tion and human-centred values. This situates the resulting design as

a solution to the problem of social media analysis, but also a research

artefact that represents methodological commitments and empirical

insights generated throughout user studies.
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3.3 data collection for evaluation

Regardless of a design concept’s computational affordances, its contri-

bution to the literature depends on how well it addresses real-world

user needs. Conducting user studies is therefore a fundamental part

of this thesis, providing empirical insights as proof of concept while

integrating human factors throughout the design process (Hartson

and Pyla, 2012). There is a distinction in HCD research between ex-

pert users, who have specialised domain knowledge and practical

experience, and general end-users, whose interactions are typically

influenced by broader, more general concerns (Sharp, Rogers, and

Preece, 2007). The following section outlines how each type of user

data was collected and how it will be analysed to address the research

questions set out in this thesis.

3.3.1 Mixed-method user study

The prototype was developed based on a concept grounded in design

rationale from a computational learning exploration. In line with par-

ticipatory design principles, the study then sought to evaluate how

well the design aligned with broader user expectations and needs

(Schuler and Namioka, 1993). While the intended users of the system

are industry experts, initial validation was conducted with general

users as participants to test the balance of the design rationale from

additional perspectives. This step aimed to uncover potential mis-

matches between a researcher’s assumptions and practical interaction

patterns for addressing the gap between theoretical design intentions

and practical use highlighted in prior work (Smith, 2006). Uncover-

ing these overlooked details during early evaluation is important to

ensure the design is sound and understandable before engaging tar-

geted expert users.

A mixed-method evaluation approach was adopted, combining

both qualitative and quantitative techniques to capture diverse facets
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of user interaction and response (Creswell, 1999; Edmonds and

Kennedy, 2016; Östlund et al., 2011). Qualitative methods reveal how

users made sense of the interface and its outputs, helping to un-

cover reasons behind any confusion, hesitation, or misinterpretation

(Lazar, Feng, and Hochheiser, 2017; Seaman, 1999). Quantitative data

provides measurable insights into usage patterns and the perceived

effectiveness of design elements (Nardi, 2018). Combining these ap-

proaches provides an all-rounded understanding of the prototype’s

strengths and limitations during initial development. These are valu-

able in validating basic usability to make sure that the interface does

not rely on one-sided assumptions. Early identification and documen-

tation of these observations help to guide the next phase of the re-

search, which involves more targeted evaluation with expert users.

Above all, it provides additional perspectives as evidence to ground

the design concept during its formative stages.

3.3.1.1 Interviews

A semi-structured style of questions was used to gather insights

into participants’ perceptions and experiences while interacting with

the prototype. This approach combines open-ended questioning with

guidance from how questions are crafted in a way that relates to the

research objectives (Kvale and Brinkmann, 2009). Not only does it

allow participants to express their perspectives freely, but it also en-

sures that the data collected is relevant to the study objectives. The

flexibility of this format supports researchers to probe interesting or

unexpected responses while maintaining a consistent structure across

sessions (Lazar, Feng, and Hochheiser, 2017). Also, studies with gen-

eral users can accommodate more complex instructed tasks. They re-

veal insights that are not easily observed through task performance

alone. To avoid the risk of one-sided findings, a consistent core set of

design questions was repeated across different tasks and conditions.

This acts as a control measure commonly adopted in HCI methods to

ensure insights remain focused on each task, while supporting accu-

rate cross-condition comparisons across participants.
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3.3.1.2 Surveys

Questionnaires using Likert-scale items are commonly adopted

within HCI as part of a survey to collect measurable data on partic-

ipants’ perceptions (Kaptein, Nass, and Markopoulos, 2010). While

interviews provided an in-depth understanding, surveys captured

quantifiable evaluations of the design’s perceived usefulness, all of

which are common approaches in HCI (Sauro and Lewis, 2016). Based

on the nature of the mixed-method approach, all survey respondents

also participated in the interview process to ensure qualitative reflec-

tions and quantitative ratings are reliable. This approach supports

the triangulation of findings by combining structured responses with

open-ended insights for a more credible analysis (Golafshani, 2003).

3.3.2 Consideration of expert practices

Incorporating real-world considerations is a key perspective for bridg-

ing the design concept of analytical tools intended for practical use.

Prior studies have investigated how industry experts’ workflows re-

flect on HCI efforts to support specific domains by involving expert

participants. These studies include experts such as journalists (Atreja

et al., 2023), healthcare practitioners (Patel, Kaufman, and Kannam-

pallil, 2021), medical specialists (Lindgren, Winnberg, and Winnberg,

2011) etc. . These experts’ investigations have demonstrated their im-

pact within research in design. This thesis therefore values this per-

spective as an important part of the design process for proposing

an interactive design within social media analysis. Engaging expert

users who are familiar with the workflows this research aims to sup-

port ensures the inclusion of highly relevant knowledge and first-

hand experience. Their insights are invaluable for informing the de-

sign of tools facilitating complex analytical workflows aligned with

real-world professional practices.
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3.3.2.1 Target expert user group

This thesis focuses on professional communicators who use social me-

dia data to inform strategic decisions aimed at influencing audiences

within organisational contexts. This group includes experts in brand

and reputation management, public communication, journalism, mar-

keting, public health communication, and policy-related communica-

tion (see details in Section 2.1.2). Their roles typically involve monitor-

ing, interpreting, and responding to social media discourses to guide

organisational messaging, shape public perception, and achieve com-

municative objectives. By defining this target user group, the thesis

situates its design and evaluation within professional practices where

social media functions as a tool for influence. This scoping is sup-

ported by established communication studies that emphasise the role

of social media in shaping public understanding and organisational

decision-making (Jiang, Luo, and Kulemeka, 2016; Pekkala and Zoo-

nen, 2022).

3.3.2.2 Expert interviews

Conducting expert interviews has long been established as a method

of qualitative empirical research to explore or collect data about a

specific field of interest (Van Audenhove and Donders, 2019). Meuser

and Nagel (2009) describes an expert interview as a qualitative in-

terview guided by a topical framework that focuses on the expert’s

knowledge. Within the specific file of interest, this type of quali-

tative approach can be broadly characterised as specialised knowl-

edge within a domain of action. Semi-structured interviews were em-

ployed in this thesis to incorporate open-ended questions while stay-

ing aligned with the research objectives (Lazar, Feng, and Hochheiser,

2017). However, these interviews differ from the previous general

users’ mixed-method semi-structured interviews. The emphasis here

is on expert participants, whose professional roles involve analysing

social media discourse and who therefore bring specialised knowl-

edge and insights. Unlike interviews with general users, these ses-
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sions were designed to capture the specific expertise that only such

experts can provide.

Participants were recruited from relevant domains where under-

standing social media discourse is important in their decision-making

workflows. This approach not only grounded the study in real-world

practice but also highlighted the kinds of interpretive tasks experts

perform, the types of analysis aspects they look at and the concerns

from applied settings. The engagement with experts will inform both

the design requirements for professional contexts and frame the eval-

uation criteria that align with how the system would be judged in

practice. This approach aligns with the broader literature on user-

centred design and participatory methods in HCI for interactive de-

sign for addressing real-world needs while remaining methodologi-

cally rigorous (Blandford, Furniss, and Makri, 2016).

3.4 data analysis

3.4.1 Statistical analysis

Quantitative analysis was used to evaluate the design components

across different experimental conditions (Dragicevic, 2016). As de-

scribed in the previous section, participant responses were collected

through structured questionnaires as part of a mixed-methods study.

These data were analysed using a combination of descriptive and

inferential statistics (Müller, Sedley, and Ferrall-Nunge, 2014). De-

scriptive measures, including means and variability, were used to

summarise trends in participant perceptions. Given the ordinal na-

ture of Likert-scale data and the potential for non-normal distribu-

tions, non-parametric statistical methods were selected for inferential

analysis (Lazar, Feng, and Hochheiser, 2017). Specifically, the com-

monly used Wilcoxon Signed-Rank Test (Woolson, 2007) was applied

to compare paired responses across conditions, while the Friedman

Test (Friedman, 1937) was used to examine differences in perceptions
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across multiple analytical features. These were chosen according to

informed literature in HCI methods to ensure that comparisons are

appropriate for the scale and type of data collected.

3.4.2 Thematic Analysis

To systematically analyse participants’ transcriptions after interviews,

a thematic analysis was followed to gather qualitative perceptions on

the design. In social science, the term “thematic analysis”, has been

widely used to refer to the methods researchers use to analyse qualita-

tive data into informative themes. A widely recognised approach was

introduced in a paper named “Using thematic analysis in psychology”

(Braun and Clarke, 2006). The authors categorised the process into the

following steps:

1. Familiarise with the data through repeated reading of interview

transcripts.

2. Generation of initial codes to capture features within the data.

3. Collation of codes into potential themes to represent broader

patterns and relationships.

4. Review and refine the themes to relate them to the research

objectives.

5. Define and name the themes to articulate the findings and their

implications for evaluation.

Following the steps outlined above for thematic analysis allows this

research to collect qualitative data from participants and systemati-

cally capture and analyse insights. This is because the approach was

designed to ensure that the process from data collection to analy-

sis can be accurately documented to support research and produce

knowledge. This thesis, therefore, adopts this approach to present

the resulting themes, which ground the design concept in empirical

evidence collected through interviews.
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3.5 chapter summary

This chapter introduces the approach that informed the research

planning to answer the research question established in Chapter 1.

These include how the research approaches the development of a

design concept, conducting data collection and analysis for the em-

pirical work. This research adopts an RtD methodology to conduct

research through a prototype as an interactive artefact. This overview

approach positions design practice as a way of asking questions and

generating knowledge through the development and evaluation of de-

sign solutions. This chapter then elaborates on the prototype design

process, highlighting the role of computational learning in establish-

ing the technical foundations of the design (see Chapter 4), which

later informs the design rationale (see Chapter 5). The detailed steps

outlined in this chapter were followed in this thesis for experimenta-

tion with algorithmic approaches to translate computational learning

insights into a visual interactive format. These formats were devel-

oped into a prototype that serves both as a research instrument and

as a contribution to the design itself.

The empirical evaluations adopt a multi-phase approach to gather

supporting evidence for the design concept. In the first phase, a

user study employing scenario-based tasks was conducted to exam-

ine user interactions and extend the researcher’s design assumptions.

This phase reveals usability patterns and validates core design con-

cepts through controlled evaluation. The subsequent phase focuses

on expert interviews, bridging the design with real-world profes-

sional practices. A semi-structured interview approach was used

to explore existing workflows, capture experts’ perceptions, and as-

sess how the design aligns with professional needs. By combining

these evaluation phases, this thesis ensures that both general usabil-

ity and domain-specific requirements are systematically addressed.

The methodological approaches described in this chapter provide a

structured foundation for how each subsequent empirical chapter

addresses specific aspects of the research questions. Adapted from
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widely recognised literature, these complementary methods allow

this thesis to compile a set of empirical evidence for its contributions

in the chapters that follow.





Part II

E M P I R I C A L W O R K





4
S TA N C E D E T E C T I O N : A N E X P L O R AT O RY S T U D Y

This chapter presents a study on stance detection, a computational

learning task that identifies the opinions or attitudes expressed in a

text towards a given topic. The aim is to conduct a computational

learning process to support and partially automate the traditionally

manual and labour-intensive process of analysing social media dis-

course. This allows a practical implementation of how computational

models perform when introducing discourse-level context and iden-

tifies their limitations. These will pinpoint areas where human judg-

ment remains essential and serve as evidence for the opportunities in

interactive design within an analysis process.

Building on the approach discussed in Chapter 3, this study in-

vestigates stance detection as a problem targeting the limitation of

data scarcity. The experiments focus on applying data augmentation

techniques using LLM to strengthen a model’s capability to recog-

nise stances when the data is limited. The findings reveal both the

potential and the limitations of current computational approaches.

The results demonstrate that incorporating LLM-generated synthetic

data can improve model performance in stance detection tasks. How-

ever, the more important part of the study is the reflections on the

limitations of these computational approaches. The findings reveal

indicative insights to support the motivation of our interactive de-

sign. Through an exploratory investigation into the practical imple-

mentation of computational methods, this thesis positions them as

segmented evidence that, when synthesised, contributes to a broader

picture that guides decisions around the development of an interac-

tive design. These methodological insights directly guide the design

decisions in the following chapter.

71
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4.1 introduction

Research into the design of analytical tools for social media has pri-

marily focused on well-defined system functionalities (as discussed in

Chapter 2). Existing literature fails to connect interactive design with

the broader computational constraints of machine-generated analysis

(Stieglitz et al., 2018). This chapter explores computational methods

not only to examine practical implementation but also to identify ar-

eas where human input can shape the design of interactive systems.

Conducting this computationally grounded and exploratory study

allows this research to evaluate computational learning in practice.

More importantly, these outline its strengths and limitations. The ex-

ploration follows three structured components outlined in Chapter

3: (1) defining the computational task, (2) identifying limitations in

current approaches, (3) selecting and adapting modelling techniques.

Firstly, this study focuses on stance detection as a representative

computational task within the broader context of social media anal-

ysis. Stances, commonly known as opinions, reveal how individuals

who express textual interaction on social media are “in favour” or

“against” a target topic. This perspective demonstrated its value in fa-

cilitating more effective information management strategies (Küçük

and Can, 2021). Stances contribute to the understanding of misinfor-

mation spread as they reveal how narratives amplify or are manipu-

lated regardless of factual accuracy (Lewandowsky et al., 2012). There-

fore, monitoring them became significant as they influential indicator

for organisations in addressing social media crises. Researchers com-

monly adopt stance detection as a supportive indicator when examin-

ing misinformation in social media (De Magistris et al., 2022; Küçük

and Can, 2021; Lillie and Middelboe, 2019; Mohammad et al., 2016).

Hence, in this thesis, stance detection serves as a significant proxy

for grounding the exploration of computational methods within the

broader context of social media analysis (see Chapter 2 for detailed

justification).
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target text stance

Vaccines “COVID-19 vaccines are a microchip used for

monitoring people.”

Against

Atheism “If you’re superstitious, your thinking may

be impaired.”

In favour

Table 3: Examples of stance labels towards a target from a text.

Secondly, existing stance detection studies predominantly focused

on isolated texts, overlooking the evolving and discursive nature of

social media discourse (see Section 1.1 & Section 2.2). Despite its im-

portance, a significant lack of publicly available annotated datasets

remains that accurately reflect the structure and depth of real-world

discourses for the task of stance detection. This limitation constrains

research aiming to account for the dynamics of discourse and high-

lights a clear gap in current approaches. Thirdly, this study investi-

gates data augmentation as a strategy to address challenges from lim-

ited data availability (see Section 3.2.1.2). Recent advances in LLMs

have inspired the generation of synthetic data through prompt-based

methods (see Section 2.2). These methods have shown value in other

domains (Nadǎş, Dioşan, and Tomescu, 2025). At the same time, they

offer an opportunity to create synthetic structured discourses for

stance detection tasks in this research’s problem. This is because it

remains unclear whether the benefits of such synthetic augmentation

are consistent across varying discourse depths. This navigates an im-

portant consideration given the complex and unpredictable nature of

social media discourse. To this end, this chapter develops a frame-

work to examine the following research questions:

rq1 Can existing discourse context approaches to stance detection

be enhanced using data augmentation strategies under a data-

limited scenario?

rq2 Can prompt-based generation of synthetic discourses outper-

form traditional data augmentation techniques?
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rq3 What is the impact based on the depth of discourses on stance

detection performance when integrating them as context?

Each of these research questions guides the analysis in this chapter

by providing insights from a technical standpoint for connecting to

the interactive design in the subsequent chapter. This chapter demon-

strates the practical application of computational approaches to social

media analysis. It is also important to clarify the context of this chap-

ter within the timeframe in which the experiments were conducted

during the early stages of this research, when the field of NLP was

significantly different from its current state. Since then, NLP has ad-

vanced, reshaping how these problems are approached. Despite these

changes, the work in this chapter remains definitive for this thesis, as

it serves as evidence of practical implementation supporting the foun-

dation for informing interactive design decisions.

4.2 problem definition

Given a dataset of social media texts, D = {T1, T2, . . . , TN} where each

Ti represents either a root-level or a child-level comment within a

discourse (see Section 2.1.1.1 for a detailed definition of terminology

used). The task is to predict the stance label yi ∈ {Against, In Favour,

Neutral} for each text Ti. This prediction should reflect the opinion ex-

pressed towards a predefined target topic. The objective is to predict

the stance label yi for each text Ti by leveraging the context within

the discourse. To formulate this, all preceding utterances within the

same discourse are retrieved up to and including Ti to form a se-

quence Ci = {T1, T2, . . . , Ti} to capture the discourse dependencies for

a context-aware prediction of yi.
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Input context

Figure 6: Problem definition of stance detection.

4.3 methodology

This section presents the proposed framework, which consists of

three core components: contextualisation, generation, and learning.

The framework is designed to investigate how using discourse as con-

text and synthetic data can support stance detection in social media

under data-limited scenarios. As shown in Figure 7, the framework

first contextualises social media discourses, then generates additional

training examples if needed, and finally applies a learning compo-

nent for the prediction of stance labels.
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Figure 7: Overview of the proposed framework for stance detection.

4.3.1 Contextualise

The first component of the framework retrieves the discursive context

surrounding each social media text. Each social media text Ti in the

dataset is situated within a structured discourse, either as a root-level

or child-level comment. To construct the context for Ti, the framework



4.3 methodology 77

gathers preceding comments in the discourse and concatenates them.

Following prior work by Zhang et al. (2020) & Zhang, Culbertson,

and Paritosh (2017), the structure is organised by linking each child-

level comment back to its originating root-level comment or preced-

ing child-level comment. This ensures that the model is fed with the

knowledge of the entire discourses that are relevant to Ti.

4.3.1.1 Sub-branch representation

For a given text Ti, define a sub-branch B = [x1, x2, . . . , xi], where

each element xu contains nu tokens:

• x1 corresponds to the root-level text P0.

• xu (u = 2, . . . , i) represents the child-level comment at varying

depths.

• wu,v denotes the v-th token in the u-th element.

This hierarchical representation captures sequential dependencies

and relational context within the discourse (Li et al., 2022; Sun et al.,

2018; Wei, Xu, and Mao, 2019).

4.3.1.2 Sequence construction

Then, all elements resulting from the sub-branch are concatenated

into a single sequence to form a connection of this relation. Mean-

while, a special separator token [SEP] will be inserted into each of

the individual elements for the model to distinguish them within the

concatenated sequence. The resulting sequence is constructed as fol-

lows:

x1 ⊕ [SEP]⊕ x2 ⊕ · · · ⊕ [SEP]⊕ xi, (1)

where ⊕ denotes concatenation. This method of structuring the se-

quence ensures that the model preserves the contextual relationships

between the different parts for the interpretation of the discourse’s

dynamics (Zhang et al., 2019).
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4.3.1.3 Sequence length

The total sequence length l is computed as:

l =

i∑
u=1

nu + (i− 1), (2)

where:

•
∑i

u=1 nu represents the total number of tokens across all ele-

ments in the sub-branch.

• (i− 1) accounts for the separator tokens [SEP] inserted between

elements of the sequence.

This step ensures that the sequence length accounts for both the

content of the discourse and the structural markers (separator tokens

[SEP]) during the encoding process of formulating the structure of

discourse as context.

4.3.2 Generation

The second component generates synthetic discourse using struc-

tured prompts to an LLM. In this case, prompts are used to produce

variations that augment underrepresented stances while preserving

coherence with the original discourse. The resulting synthetic sam-

ples are combined with the original dataset D. Preliminary exper-

iments with word-level data augmentation (see Appendix A.1) re-

vealed that traditional methods help only on small datasets and re-

quire extensive task-specific tuning. Prompt-based approaches using

LLM offer a scalable alternative. This is because LLM is capable of

generating relevant synthetic data within a guided context by lever-

aging patterns learned from existing samples (Nadǎş, Dioşan, and

Tomescu, 2025).
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4.3.2.1 Minority samples identification

Minority classes in the dataset D are first identified. The set of data

points belonging to a minority class cmin is defined as:

Smin = {Ti ∈ D | label(Ti) = cmin} (3)

The first step is to ensure that the augmentation only targets the

underrepresented classes for balancing the samples.

4.3.2.2 Synthetic root-level comment generation

The goal of this step is to generate synthetic discourses that repli-

cate the structure and dynamics of minority-class samples. For each

sample Ti ∈ Smin, the GENERATE-DISCOURSES function (Algorithm 1)

is applied to generate the augmented samples that reflect the exist-

ing samples. The function takes as input the sub-branch structure B,

target topic t, stance label s, and the desired number of augmented

samples num_aug. A structured prompt is constructed for the root-

level comment:

Pp = InitialPrompt(B, t, s) (4)

The language model M then produces the synthetic root-level com-

ment taking into consideration the given contexts:

synthetic_root = M(Pp;ϕ) (5)

This synthetic root-level comment serves as the starting point for

generating subsequent child-level comments. This generation ensures

that this starting point anchors the existing dataset samples by main-

taining their coherence using as much context from the existing

dataset as possible.

4.3.2.3 Subsequent synthetic child-level comments generation

After generating the root-level comment, synthetic child-level com-

ments are generated iteratively based on the preceding synthetic_root.

Each comment is generated using a dynamically constructed prompt
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Pk, which incorporates the target topic t, stance label s, and the most

recent generated comment in the discourse:

Pk = CommentPrompt(t, s, discourse[−1]) (6)

The language model M is then used to generate the k-th comment:

synthetic_child = M(Pk;ϕ) (7)

where:

• Pp and Pk are distinct, with Pp used only for the root-level com-

ment and Pk used iteratively for child-level comments.

• discourse[−1] represents the most recent comment (root or

child) in the discourse for the coherence of these contexts.

• ϕ denotes the parameters of the language model M.

4.3.2.4 Combining augmented outputs to reflect a discourse

Once all comments (root and child) are generated, they are concate-

nated using [SEP] tokens to maintain the sequential nature of the

discourse contexts (similar to the contextualise step on the original

dataset). The detailed procedure for generating synthetic discourses

is formalised in Algorithm 1.

The synthetic comments generated for each discourse are aggre-

gated to form an extended branch context T ′:

T ′ = synthetic_rooti [SEP] synthetic_child1 [SEP]

. . . [SEP] synthetic_childk (8)

Informed by prompt engineering practices (Nadǎş, Dioşan, and

Tomescu, 2025), this procedure generates synthetic discourses that

preserve the target topic t, stance s, and the hierarchical discourse

structure B. The resulting augmented dataset manages class imbal-

ance by upsampling relevant samples within guided contexts for the

downstream stance detection in D. This approach aligned with the

broader goal of encoding discourses that capture their discursive rep-

resentations for model learning.
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Algorithm 1 Using LLM prompt to generate synthetic discourses
1: function GENERATE-DISCOURSE(B, t, si, num_aug)

2: inputs:

3: B, a branch of discourse

4: t, a target topic

5: s, a stance

6: num_aug, a number of augmented samples

7: local variables:

8: num_comments, a number ▷ calculated based on [SEP] tokens in B

9: synthetic_discourses, an empty list

10: for i← 1 to num_aug do

11: Pp ← InitialPrompt(t, s,B)

12: synthetic_root←M(Pp;ϕ)

13: discourse← [synthetic_root] ▷ Initialise a discourse

14: for k← 1 to num_comments do

15: Pk ← CommentPrompt(t, s,discourse[−1])

16: synthetic_child←M(Pk;ϕ)

17: discourse.append(synthetic_child)

18: end for

19: discourse← join discourse with [SEP] token

20: synthetic_discourses.append(discourse)

21: end for

22: return synthetic_discourses

23: end function

4.3.3 Learning

In this component, a standard model training process is employed to

capture the established contextual information for the stance detec-

tion model to learn its features. Following prior work (Li et al., 2023a),

BERT embeddings were used for input representation, and TextCNN

was used for feature extraction. These choices are motivated by their

demonstrated effectiveness in modelling textual features and stance

detection tasks outlined in Section 2.2.
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4.3.3.1 Input representation

First, BERT (Devlin et al., 2019) is used to generate deep contextu-

alised embeddings of the input sequences. Each input X is tokenised

using the BERT tokeniser, producing embeddings E that combine to-

ken embeddings Et, segment embeddings Es, and positional embed-

dings Ep:

E = Et + Es + Ep = [e1,1, . . . , e1,n1
, . . . , ei,1, . . . , ei,ni

] (9)

where ei,j denotes the token embedding for wi,j. The resulting BERT

hidden states are represented as H ∈ Rl×h, where h is the hid-

den size and l is the sequence length. For each sub-unit xi, the cor-

responding subsequence [hi,1, . . . ,hi,ni
] serves as its representation.

Zero-padding or truncation is applied to ensure uniform sequence

length. The final representation is formulated as Hxi
∈ Rd×h, where

d is the fixed sequence length.

4.3.3.2 Convolution feature extraction

The TextCNN (Kim, 2014) was applied as a feature extractor to cap-

ture semantic patterns across phrases and token sequences. This com-

plements BERT embeddings by preserving relevant information that

may be distributed across multiple tokens. Convolution is achieved

using a filter w ∈ Rh×k, which is applied to a window of k token

vectors from Hxi
to produce a feature fj:

fj = ReLU(w ·Hxi,j + b1) (10)

Applying this filter across the entire sequence generates a feature

map F = [f1, f2, . . . , fni−k+1. Then, a max-pooling layer is applied to

extract the most significant feature:

f̂ = max(F) (11)

The goal here is to capture diverse local patterns within these text

fractions using multiple filters with varying window sizes. The out-

puts from all filters are concatenated to form the final feature vector:
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z = [f̂1, f̂2, . . . , f̂p], where p is the number of filters. This vector z

serves as the feature representation for each input to be fed to the

classification layer.

4.3.3.3 Loss function

The model takes further steps using a weighted loss function to bal-

ance learning across classes (Fernando and Tsokos, 2022). Each class

was assigned a weight wyi
, and the loss function was defined as:

L = −
1

N

N∑
i=1

wyi
logp(yi|xi; θ) (12)

This adjustment ensures that underrepresented classes contribute

proportionally to the overall loss while preserving the natural distri-

bution of the dataset.

4.3.3.4 Classification

A dropout layer was applied to the extracted feature vector z, pro-

ducing ẑ to reduce overfitting (Srivastava et al., 2014). The vector ẑ

was then passed through a fully connected layer followed by a soft-

max activation to produce the probability distribution p over stance

labels:

p = softmax(W · ẑ+ b2) (13)

The predicted label corresponds to the highest probability:

ŷ = arg max(p) (14)

This classification step ensures that the model outputs a clear predic-

tion based on the learned features.

4.4 experimental setup

4.4.1 Datasets

Our experiments were conducted on a benchmark dataset which pro-

vides the discourse structure for retrieving the discursive nature of
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discourses on social media. The COVID-19 Vaccine Discussions on

Reddit (Brambilla and Kharmale, 2022) dataset contains 1,727 Red-

dit root-level comments and 12,578 corresponding child-level com-

ments in the CovidVaccine subreddit from April 2020 to May 2021.

The dataset includes varying stances related to the COVID-19 vac-

cine public health discourses. The dataset is divided into 80% train-

ing, 16% test, and 4% validation sets. Given the size of the entire

dataset, this split aligns with common practices of a standard ma-

chine learning 80/20 training-test ratio. Additionally, a smaller sub-

set of the validation set within the test set is used for hyperparameter

tuning and model evaluation. This dataset was selected because it

exhibits key characteristics essential for our research objectives: (1)

it reflects real-world social media discourses, for evaluating a stance

detection model; (2) it represents a limited number of stance anno-

tations to simulate data scarcity problems in practical applications;

and (2) appropriate stance categorisation labels directly align with

the selected task for a focused investigation.

4.4.2 Baseline justification

The selected baselines provided points of comparison aligned with

our research questions. The Base model implements a standard pro-

cedure proposed in existing literature that incorporates contextualise

and learning components in Section 4.3 to capture the discursive na-

ture of social media discussions without generating any augmented

samples. In earlier experiments, we evaluated the Base model with the

addition of Target topics provided for each datapoint in the dataset to

observe whether explicit topic information improves performance. To

illustrate the evolution of augmentation techniques, we first included

Easy Data Augmentation (EDA) (Wei and Zou, 2019). EDA represent a

low-cost approach for generating augmented samples to demonstrate

improvements achievable with traditional methods in our computa-

tional task.
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To incorporate all components outlined in Section 4.3 and evaluate

synthetic data generation from LLMs beyond traditional approaches,

GPT-2 (Kumar, Choudhary, and Cho, 2020; Papanikolaou and Pier-

leoni, 2020; Sawai, Paik, and Kuwana, 2021) was then included as an

early exploration of lightweight LLM-based augmentation. This sup-

ports the earlier hypothesis by evaluating whether an LLM with a

smaller and less resource-intensive language model can synthetically

generate relevant discourse samples. This is because discourse-level

generative augmentation had not previously been applied to the tar-

geted task in this chapter during the formative stages of this idea.

This allowed us to examine the practical benefits of lightweight LLM-

based augmentation before moving to more sophisticated models. Fi-

nally, Gemma-2 (Team et al., 2024) represents the more advanced LLM

available at the time of the experiment (June 2024) for this study to

adopt in generating synthetic data. Including both lightweight and

more advanced LLM models in this study supported the goal of

this chapter to demonstrate the feasibility and limitations of LLM-

generated synthetic data for downstream stance detection tasks.

4.4.3 Evaluation details

A standard 5-fold cross-validation technique was used to evaluate

the model’s performance by partitioning the dataset into five non-

overlapping subsets (see Section 3.2.1.3). This approach reduces the

risk of biased results from a single train-test split when evaluating

a model’s performance (Kohavi, 1995). This will result in our re-

ported performance that reflects generalisation across different por-

tions within the dataset. Each fold maintains a balanced representa-

tion of classes to account for potential imbalances in stance labels.

The performances were measured using F1 metrics to support the

final synthesis of the findings (see Section 3.2.1.3).
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4.4.4 Implementation details

The models were implemented and fine-tuned using the Hugging

Face transformers library (Wolf et al., 2020). Training was performed

with a batch size of 8 to accommodate the size of the dataset and avail-

able computational resources. Using a smaller batch size introduces

beneficial variance into the gradient estimates during model learn-

ing, which can improve generalisation in limited-data settings (Qian

and Klabjan, 2020). The Adam optimiser (Kingma and Ba, 2017) was

used to adjust the learning rate based on the historical gradient for

each parameter. A learning rate scheduler was used to improve con-

vergence stability. Early stopping was applied to prevent overfitting

by terminating training when validation performance plateaued. All

experiments were conducted on an NVIDIA GPU. These implemen-

tation details are standard procedures following practices in NLP for

fine-tuning models.

4.5 findings

This section presents the findings of our experiments, organised ac-

cording to the three research questions introduced earlier in this chap-

ter. It examines the impact of the proposed framework using LLMs to

generate synthetic data that reflects the discursive structure of social

media discourse. The detailed performance analysis provides key in-

sights that inform the subsequent design-oriented Chapter 5 of this

thesis.

4.5.1 Macro-averaged F1 scores

RQ1: Can existing discourse context approaches to stance detection be en-

hanced using data augmentation strategies under a data-limited scenario?

Table 4 presents the macro-averaged F1 scores of 5-folds across the

strategies outlined in Section 4.4.2. All proposed methods in the evo-



4.5 findings 87

lution of the experiment improved the Base model (macro F1 = 0.643).

First, adding the target context increased F1 to 0.658 (+ 1.5%). Mean-

while, incorporating data augmentation from traditional EDA and

LLM-based augmentation (GPT-2 and Gemma-2) yielded larger gains.

Gemma-2 achieved the highest performance (macro F1 = 0.696) by

indicating a relative improvement over the Base with low variance

across folds (±0.009). These indicate that not only can data augmen-

tation strategies yield improvements in learning stances, but adopt-

ing advanced LLMs in applying the augmentation strategies per-

formed even better under limited data conditions. In contrast, EDA

and GPT-2 showed higher variability, suggesting less consistent out-

comes despite moderate improvements. These observations are pre-

sented in Figure 8 where the width of each violin reflects the variabil-

ity of scores, with the spread corresponding to the standard deviation

across folds. The value of incorporating discourse context with LLM

augmentation strategies relatively improved the computational tasks

of this study.

These findings strengthened the point that computational learn-

ing tasks not only model their learning from individual texts but

are shaped by how the surrounding child-level comments relate to

them. Meaning that, the discursive nature of discourses forms a basis

of contextual knowledge for a computational model by directly im-

pacting how it learn. This establishes the need for models analysing

social media discourse to treat this discourse nature as connected se-

quences rather than as disconnected inputs. It is therefore important

to also articulate this practical implementation within this thesis. Do-

ing so allows us to inform our interactive design through evidence

drawn from the thesis’s computational learning about the design de-

cisions. To bridge the gap between algorithmic performance and real-

world applicability, interactive designs should visualise the discourse

structures learned by models during stance prediction. This approach

highlights how contextual knowledge from surrounding discourses

can improve model performance and support human understanding

of the reasoning behind automated analyses. Considering this within
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an interactive design could bridge between users and computational

outputs by allowing them to interpret these automated results con-

currently with human expertise.

approaches macro-averaged f1

Base 0.643±0.005

+Target topics 0.658±0.016

+EDA 0.676±0.029

+GPT2 0.666±0.031

+Gemma2 0.696±0.009†

Table 4: Summary of macro-averaged F1 scores (mean ± standard deviation)

across varying approaches evaluated on the dataset. Best perfor-

mance is in bold and marked with †.
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Figure 8: Violin plot of macro-averaged F1 scores for different approaches

corresponding to the standard deviation across evaluation folds.

4.5.2 Prompt-based augmentation

RQ2: Can prompt-based generation of synthetic discourses outperform tra-

ditional data augmentation techniques? According to the same Table 4,
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we compared different data augmentation strategies to assess their

impact on stance detection performance. EDA slightly outperformed

GPT-2 (macro F1 = 0.676 vs. macro F1 = 0.666) but showed higher vari-

ability across folds. This indicates that its performance is less consis-

tent depending on the training subset. In contrast, Gemma-2 achieved

the highest performance (macro F1 = 0.696) with very low variability

(±0.009). This demonstrates its stability in performance across folds.

All in all, these results suggest that advanced LLMs with prompt-

based synthetic generation can produce informative training samples

than rule-based or older LLMs (Nadǎş, Dioşan, and Tomescu, 2025).

To translate these results into design, it is suggested that carefully

calibrated prompts enable LLMs to generate synthetic discourses that

reflect the structure of real-world discourse. This further supports

the broader goal of our research to improve social media analysis by

retrieving discourses as a structured context for computational learn-

ing. However, engineering these prompts required multiple rounds of

iterative refinement to make sure that outputs maintained both cor-

rect label alignment and realistic tone and structure. Bauer, Preisig,

and Volk (2024) arrived at a similar conclusion in their work around

detecting offensiveness within texts. Meaning that, the observed im-

provements were shaped not only by model evaluation but also sig-

nificantly by the design of the prompt itself. Other prior work also

highlights the sensitivity of LLM outputs to subtle changes in prompt

phrasing (Mizrahi et al., 2024).

4.5.3 Impact based on the depth of discourses

RQ3: What is the impact based on the depth of discourses on stance de-

tection performance when integrating them as context? Table 5 presents

the depth-specific macro-averaged F1 scores. The results indicate that

the influence of discourse depth on model performance varies across

models. At depth 3, Gemma-2-based augmentation achieved a signif-

icant F1 improvement of 0.691. This suggests that models perform
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better when they have access to those contexts revolved around the

discourse. However, performance gains level off or slightly drop at

depth 3. This pattern suggests a trade-off where additional context

can clarify stance in longer discourses, but it can also introduce ir-

relevant or conflicting information that reduces model accuracy. The

distribution of performance across approaches and depths is shown

in Figure 9 to highlight these trends. This confirmed prior work on hi-

erarchical models noted that deeper context should be used carefully

to avoid introducing noise (Young et al., 2018). Although computa-

tional learning can improve by incorporating patterns across these

discourse depths, balancing the trade-off between exhaustivity and

specificity requires significant computational resources. Without hu-

man expertise, achieving this balance remains challenging for auto-

mated approaches attempting to scale.

depth=1 depth=2 depth=3 depth=4 depth=5

Base 0.528±0.105 0.629±0.024 0.681±0.029 0.658±0.057 0.645±0.045

+Target 0.648±0.024 0.635±0.014 0.655±0.026 0.647±0.056 0.623±0.058

+EDA 0.648±0.036 0.663±0.043 0.695±0.058† 0.627±0.078 0.636±0.033

+GPT2 0.634±0.049 0.656±0.045 0.673±0.048 0.665±0.037 0.626±0.056

+Gemma2 0.674±0.036† 0.678±0.020† 0.691±0.023 0.671±0.063† 0.663±0.038†

Table 5: Depth-specific macro-averaged F1 scores (mean ± standard devia-

tion) for each approach. Best performance in each column is in bold

and marked with †.
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Figure 9: Boxplot illustrating the macro-averaged F1 scores across ap-

proaches for each discourse depth. The dashed line indicates the

trend of the median.

4.5.4 Limitations and future work

The evaluation of LLM-generated synthetic discourses in this study

relied on manual inspection of a subset of samples to verify label

alignment and structural plausibility. While this approach provided

preliminary confidence, it highlighted the challenge of scaling such

evaluations to larger datasets. Future work should integrate auto-

mated quality assurance mechanisms, such as gating systems or lay-

ered filtering pipelines (Nadǎş, Dioşan, and Tomescu, 2025) to man-

age risks of bias, harmful content, and structural inconsistencies in

LLM-generated synthetic data. Besides, social media discourse is

noisy, and this noise can propagate during augmentation with LLMs.

Future work should prioritise adaptive augmentation procedures that

tailor synthetic data generation to the characteristics of the dataset.

For instance, numerical features such as discourse depth, number of

conversational turns, or overall sample size could guide the genera-
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tion process and help determine limits to prevent the introduction of

irrelevant information. Finally, the focus on a domain-focused dataset

that allows the experiment to build the discursive nature of social me-

dia discourses underscores the need for caution when generalising

findings across other domains. While LLM-generated synthetic data

holds promises, its reliability and applicability depend on careful val-

idation and refinement. Future work should leverage more advanced

models and refine their focus on quality and scope for engineering

prompts when generating synthetic data to reflect social media dis-

courses.

4.5.5 Relating findings to the interactive design

This chapter’s computational learning exploration provides a foun-

dation for understanding how computational methods can support

social media analysis. Examining model capabilities positions the re-

search within a practical perspective to inform how the subsequent

design emerges from concrete experimental insights (see detailed ta-

ble demonstrating the relation in Chapter 5). The overall impact of

incorporating discourse context on model performance inspired an

interactive design that enables users to explore discourses in depth

and reveals the reasoning behind the model’s decisions. Observing

model limitations further emphasised the importance of human over-

sight in this analysis process. This indirectly reinforces interactive

design principles and underscores the broader relevance of this the-

sis for creating an interactive design that supports analysis of social

media. Overall, the experiment on stance detection, conducted to ad-

dress the research questions, demonstrated the value of grounding

interactive design in technical realities. The chapter has presented

how this thesis bridges the gap between algorithmic capability and

human-centred design by showing that effective social media anal-

ysis depends on integrating computational methods with a design

focused on human interpretation.
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4.6 chapter summary

This chapter presents an empirical investigation into computational

approaches for stance detection on social media by modelling so-

cial media discourses as context. The experiments centred around

data augmentation methods and demonstrated that prompt-based

augmentation using advanced LLMs, such as Gemma-2, improved

model performance under data-limited conditions. Traditional aug-

mentation methods, such as EDA and earlier LLM models like GPT-

2, also improved performance, but the gains were smaller and less

stable. The experiment demonstrates how the evolution of strate-

gies to improve baseline: first by incorporating additional context

from the target topic, followed by traditional data augmentation, then

low-cost LLM-based augmentation, and finally higher-capacity LLM-

based augmentation.

The goal of this experiment started with an investigation into the

benefits of discourses when introduced to a computational learning

model. The findings consequently revealed limitations of such auto-

mated output approaches and highlighted the impact of discourses

as contextual information on a model’s predictive performance. The

main contribution of this chapter is that it provides technical and

conceptual guidance for designing a social media analytical tool pre-

sented in the next Chapter 5. To briefly summarise, the results in this

chapter suggest that interactive tools should: (1) present discourse

context to support human interpretation of automated predictions,

(2) make model limitations visible by enabling navigation across dis-

courses reflecting the depths of real-time social media, and (3) encour-

age users to engage critically with outputs rather than treating them

as fully reliable.





5
C R E AT I N G D I S C O U R S E D A S H : A N I N T E R A C T I V E

P R O T O T Y P E D E S I G N

This chapter introduces DiscourseDash, an interactive prototype in-

spired by the opportunities and limitations of a computational learn-

ing task for social media analysis identified in Chapter 4. While com-

putational models demonstrated potential in leveraging discourse

structures to improve stance detection analysis tasks, they also re-

vealed important limitations. These limitations include the handling

of linguistic complexity and variable performance that depends on

the depth of conversational context. From a high-level perspective,

these limitations emphasise the continuing importance of human

expertise in interpreting computational outputs by situating them

within broader discursive environments from which they are drawn.

DiscourseDash was designed as a research probe to form the foun-

dation for facilitating the evaluation studies in Chapters 6 and 7. The

prototype seeks to bridge computational analysis with human inter-

pretation by combining automated predictions with discourse-level

insights through an interactive design. What distinguishes the design

is its deliberate shift away from treating automated analysis as a fi-

nal output. Instead, DiscourseDash foregrounds interpretability, uncer-

tainty, and contextual grounding for aligning with the broader aim of

this thesis to support human expertise in understanding the complex-

ities of social media discourses. The chapter begins by translating key

findings from the exploratory computational study into design impli-

cations, then presents the system architecture, interface design, and

implementation. By the end of this chapter it should be clear how

users would hypothetically interact with the prototype integrating

computational analysis with discourse-level insights.

95
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5.1 introduction

The exploratory stance detection study presented in Chapter 4 re-

vealed both the potential and limitations of automated approaches

to social media analysis using discourse for context learning. While

the study demonstrated promising capabilities in performing com-

putational learning by unfolding the discursive nature of social me-

dia discourses, it also presented the model’s uncertainties when han-

dling linguistic complexities, and performance varies according to

the depth of discourses. These findings underscore the importance of

human expertise in complementing the automated analysis of social

media discourses.

DiscourseDash was developed in response to these challenges. The

prototype is designed as an interactive dashboard that bridges com-

putational analysis with human interpretation through visualisation

and exploration. The aim is to support human capabilities by provid-

ing structured access to analytical outputs alongside the discourse

contexts that shaped them. The benefit of this approach is that it ac-

knowledges that experts require more than visual summarised met-

rics; it allows them to interrogate these outputs by investigating the

discourse as a form of tracing the reasoning behind predictions. This

will balance their own interpretation through understanding where

computational methods are limited or incorrect. Table 6 summarises

how the findings from Chapter 4 were translated into specific de-

sign implications for DiscourseDash. The mapping demonstrates how

insights from computational experiments informed practical design

choices of DiscourseDash. This goal here is to show how the Dis-

courseDash design positions in this research were inspired by the prac-

tical exploration of a computational learning study.
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findings design implications

Retrieving discourse-level context

provided a better representation

during the learning of a computa-

tional task for social media analysis.

Visualise the same contextual information

that informed the model’s analytical out-

put by introducing the same assessment

for human users when using these auto-

mated analyses.

Performance improvements varied

across different discourse depths,

which indicates that optimal con-

text windows are task-specific.

Allow users to navigate discourse depths,

explore contextual framings and evaluate

the reliability of automated analyses at dif-

ferent scales.

Complex linguistic phenomena and

computational resource constraints

limit the scope of automated analy-

sis.

Prioritise interpretative flexibility, encour-

aging users to question, refine and reinter-

pret automated analyses instead of treating

them as definitive answers.

Table 6: Translation of key findings from Chapter 4 into specific design im-

plications for DiscourseDash.

The design of DiscourseDash is structured around three central im-

plications that inform its goals. First, to integrate discourse context as

a supplementary component to the presentation of analysis outputs.

This will enable users to investigate the analysis in-depth within the

social environments in which they were formed. Second, to be trans-

parent around model limitations by allowing navigation across dif-

ferent levels of discursive depth. With this, users can interpret the

analysis outputs with their own expertise while exploring how so-

cial media discourses evolve alongside the associated analytical la-

bels. Third, to encourage critical engagement with automated anal-

ysis through interactive affordances. This can be achieved through

interactive methods that prompt users to treat outputs as interpretive

suggestions rather than definitive results.

5.2 design rationale

Building on the design goals outlined earlier, the development of Dis-

courseDash is motivated by the findings of the computational learn-
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ing experiments to provide structured insights into social media dis-

courses. Drawing from the literature review in Chapter 2, four key

analytical features, i. e., stance detection, sentiment analysis, harmful-

ness detection, and popularity analysis were all considered useful in

a design for social media analysis. As a brief reminder, these features

were commonly selected to support decision-making in areas such

as public health, communication, and policy response, where under-

standing the dynamics of social media discourses is important (see

Chapter 2). Based on the design directions established so far, a sim-

ple visual analytical tool for formulating the initial concept should

provide a high-level summarised overview and a detailed analysis.

This means presenting discourses in detail to explore how the broader

narrative landscape shapes analytical insights. This is organised into

two primary tabs: an Overview tab for the initial identification and

prioritisation of key topics, and a Detailed Analysis tab for in-depth

exploration of the specific discourses surrounding these topics.

5.2.1 Providing a visual overview

The Overview tab provides a high-level summary of trending dis-

course topics and their key characteristics. Its components include:

• Trending Topics This should reflect clustering techniques to

identify the most actively discussed topics within a selected

time window. This surface-level aggregation enables users to

quickly understand which issues are dominating public conver-

sation and assess their alignment or conflict with organisational

goals.

• Harmfulness Each topic from the Trending Topics is assessed for

its potential level of harm, based on the proportion of posts

containing toxic, hateful, or otherwise harmful language. This

classification helps users allocate priorities by identifying those

that may require immediate attention or intervention.
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• Stance This displays the distribution of stances (favour, neutral,

against) within each topic. We hypothesise that understanding

the stance distribution on topics previously categorised as harm-

ful can help gauge the urgency of a topic. For instance, if a

highly harmful topic receives predominantly favourable stances,

it can inform the prioritisation of further investigation.

• Sentiment Sentiment (positive, neutral, negative) provides an

additional emotional context to each topic. This helps users un-

derstand public emotions and make informed decisions about

countermeasures.

• Popularity Engagement metrics over time reveal the relevance

and impact of topics. Visual graphs showing the popularity of

each topic help users understand the dynamics of discourses

and identify emerging trends or sudden spikes that may indi-

cate concerning impacts.

5.2.2 Further detail of the analysis

Building on the Overview, users can then select specific topics to in-

vestigate in detail. This is to facilitate the exploration of in-depth anal-

yses through the following features:

• Summary An in-depth view of the selected topic, including vi-

sual graphs of stances and sentiments. This provides clarity and

supports users in comprehending the progression and influence

of different viewpoints within the discourse.

• Discourses This presents all the discourses on a selected social

media platform that reflect the topic under investigation. The

goal here is to support effective countermeasures by providing

a detailed view of the stances and sentiments labelled within

each text in the discourse. This also facilitates the extraction of

specific contexts and dynamics revealed through the analysis.
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Presenting these detailed discourses alongside visuals and in-

teractive elements aligns with the established goals.

5.3 interface design

According to the simple tabs described in the previous section, the

core dashboard is divided into two main pages: (1) the Overview Page

and (2) the Detailed Analysis Page. The final prototype used for this

research is publicly accessible here: DiscourseDash.

5.3.1 Overview Page

The Overview Page provides users with a high-level summary of

trending discourse topics and their key analytical insights. The page

consists of the following interactive components:

a . user inputs

Users specify a date range and optionally the number of topics to

display. The dashboard then updates components B through E ac-

cordingly.

https://www.discoursedash.tech/
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Figure 10: Overview page showing (A) the User Inputs component located at

the top of the page.

b . trending topics

Displayed in a table summarising the results of the analysed dis-

courses. Each topic includes a unique identifier (Topic_ID), the topic

label (Topics), counts of root-level comments (Total volume), the num-

ber of associated child-level comments (Total engagement), and a

harmfulness label (Harmfulness), categorised as low, medium, or

high.
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Figure 11: Overview page showing (B) the Trending Topics table directly below

the User Inputs component.

c . stance distribution by topic

Displayed as a bar chart, this component shows the distribution of

stances (favour, none, against) across all discourses within each topic

from B. The y-axis lists topics by Topic_ID, while the x-axis shows the

aggregated count of stance labels from both root-level and child-level

comments.

Figure 12: Overview page showing (C) Stance Distribution by Topic charts di-

rectly below the Trending Topics table.
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d. sentiment distribution by topic

This bar chart presents the distribution of sentiments (positive, neu-

tral, negative) associated with each topic from B. The y-axis lists top-

ics by Topic_ID, while the x-axis shows the aggregated counts of sen-

timent labels from both root-level and child-level comments.

Figure 13: Overview page showing (D) Sentiment Distribution by Topic charts

directly below the Stance Distribution by Topic chart.

e . popularity over time

This line graph visualises user engagement dynamics, showing trends

and peaks in public interest for each topic from B, with date shown

on the x-axis as Date, and number of engagements on the y-axis as

Popularity.
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Figure 14: Overview page showing (E) the Popularity Over Time graph directly

at the bottom of the page as the final component.

5.3.2 Detailed Analysis Page

This page presents the detailed discourses corresponding to the topics

of the previous Overview Page. It allows users to dive deeper into

specific topics they wish to investigate around targeted issues based

on actual discussions.

a . user inputs

Users specify a date range and select a targeted topic(s) for detailed

investigation. The dashboard then updates components B and C ac-

cordingly.
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Figure 15: Detailed Analysis Page showing (A) the User Inputs component

located at the top of the page.

b . summary

This component provides a summary of a discourse selected by the

user to investigate. By topic, a bar chart on the left illustrates the

distribution of stances (favour, none, against) across the discourse.

Similarly, another bar chart on the right presents the sentiment distri-

bution (positive, neutral, negative) across the discourse.
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Figure 16: Detailed Analysis Page showing (B) the Summary combining Top

Keywords, Stance Distribution and Sentiment Distribution for the se-

lected discourse directly below the User Inputs component.

c . discourses

Displayed in a collapsible table format, allowing users to expand each

discourse to view its associated child-level comments. Each row, rep-

resenting root/child level comments, is accompanied by labels of the

corresponding stance (favour, none, against) and sentiment (positive,

neutral, negative). This is designed to facilitate a more detailed analy-

sis within the broader context of the selected topics. Additional func-

tionalities include filters that allow users to refine results based on

specific stances, sentiments, and keyword searches.
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Figure 17: Detailed Analysis Page showing (C) the Discourses in collapsible

tables to present each comment with stance and sentiment anno-

tations and filter functionalities directly at the bottom of the page

as the final component.

5.4 system architecture

This section describes the architecture of the DiscourseDash prototype,

including its functional requirements, data management, visualisa-

tion, and interaction components. The architecture was formulated to

make sure that it allows interactive user studies to reflect the design

concept outlined.

5.4.1 Basic requirements

Since the prototype for DiscourseDash was developed to support user

studies, its functional requirements were defined to communicate the

core components and basic interactions sufficient for gathering user

insights. The system must be implemented as a web-based applica-

tion with the following pages:

• Overview Page: Provides a high-level summary of the resulting

analysis of social media discourses.
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• Detailed Analysis Page: Displays the discourses that contribute

to the visual summaries on the Overview Page.

• Support & Sources Page: Contains basic forms and details

about the open-access datasets used in the prototype to simu-

late a realistic dashboard environment. These pages will not be

further detailed in this Chapter as they were implemented with

no functions for the user studies.

The system must present analysis results based on the following high-

level system requirements:

• Visualisations in multiple predefined formats, including tables,

bar charts, and line graphs.

• User inputs for filtering data by date range, social media chan-

nels (for demonstration), and a number for the topic filter to

display.

• Dynamic update of visualisations and tables based on user se-

lections.

• Ability to explore and inspect the displayed data with interac-

tive details.

5.4.2 Database

The system uses Supabase, an open-source backend platform for stor-

ing and managing the data that will be displayed in the prototype.

This was selected as it provides a relational database that supports

structured storage and updates. Key functionalities it facilitates in-

clude:

• Storing datasets with text and hierarchical identifiers in sepa-

rate fields for retrieving root and child-level comments.

• Allows developers to add, edit, or correct data for maintenance

around accuracy and scalability.

https://supabase.com/
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• Supporting queries to filter and aggregate data for the visuali-

sations.

5.4.3 Visualisation

The visualisation component presents social media discourse data

clearly and intuitively. Key requirements include:

• Displaying different types of analysis in separate visual compo-

nents for clarity, including stance, sentiment, harmfulness, pop-

ularity, and discourses.

• Using visual distinctions such as colours or labels to differenti-

ate categories.

• Supporting multiple formats, including tables, bar charts, and

line graphs.

• Enabling users to identify trends, patterns, and key insights ef-

ficiently.

5.4.4 Interaction

The interaction component allows users to engage with the data and

visualisations effectively. Key requirements include:

• User inputs parameters must reflect an accurate display of anal-

yses.

• Navigation links on the hosted web pages should function in

line with the proposed design.

• Expanding and collapsing discourse discursive nature to unfold

each related child-level comment.

• Hovering over visual elements to display detailed information.
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5.5 user flow diagram

Figure 18 illustrates the intended interactive flow for DiscourseDash

by showing the sequence of interactions between a user and the pro-

totype across its key components.

No

Yes

Yes

No

No

Yes

Figure 18: A user flow diagram for DiscourseDash.

5.6 system overview

Figure 19 illustrates the client-server architecture of the developed

web application prototype following a Model-View-Controller (MVC)
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architecture. For accessibility and ease of deployment, DiscourseDash

was hosted on Heroku, a cloud-based platform-as-a-service (PaaS).

This facilitated a web-based access to the prototype for convenience

throughout the user evaluation.

HTTP request

callback event

retrieveprocess

response

interact

update

response

User

Figure 19: A system overview of DiscourseDash presented based on a Model-

View-Controller (MVC) architecture.

5.6.1 Client

The client-side begins with the User, who initiates interaction by send-

ing an HTTP request to the Dash web server. The Dash web server

acts as the entry point for handling the initial request to load the ap-

plication as well as subsequent events triggered during interaction.

Then, the View represents the graphical user interface displayed in

the user’s web browser. This includes dynamic pages, charts and ta-

bles that reflect the processed data (rendered via Plotly). All user

interactions, such as input changes within the View, generate a call-

back event which is then passed to the server for processing. These

callbacks ensure that the interface dynamically updates in response

to user interactions.

https://www.heroku.com/
https://plotly.com/dash
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5.6.2 Server

The server side manages the application logic, data processing, and

connection with the database. The process begins with the Controller

as the coordinator of server-side logic. It receives callback events from

the client’s side for request handling, routing, and executing Dash

callbacks. Based on user interactions, the Controller issues process

commands to the Model by specifying the computations or data re-

trieval required. Then, the Model captures the core logic and data

management of the system. It handles data pre-processing, executes

predefined algorithmic logic, and communicates with the database.

When the Model receives a process command from the Controller, it

can issue a retrieve request to the Database. The Model interacts di-

rectly with the Database, which responds with the requested data

upon successful query execution. Once the Controller and Model

complete their processing, the Dash web server transmits the cor-

responding update instructions back to the View.

5.7 prototype implementation

The interactive DiscourseDash was developed using the Dash Open

Source Framework by Plotly. This was chosen for its robust integra-

tion with Python libraries and its flexible integration with machine

learning frameworks in future iterations. This framework allowed us

to customise functionalities to meet our research requirements. For

instance, we implemented a custom collapsible table using React boil-

erplate JavaScript UI libraries to represent the hierarchical structure

of discourses. To simulate a realistic scenario within the prototype,

we used a dataset of open-access Reddit discourse on COVID-19 vac-

cination for the evaluation studies (Brambilla and Kharmale, 2022).

As of its retrieval in October 2023, this dataset consisted of 1,726

Reddit posts and 11,189 corresponding replies, posted between April

2020 and May 2021. Each entry was labelled with a stance (favour,

https://plotly.com/dash
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none, against) towards the topics of “General about vaccine”, “Second

Dose”, “Vaccine side effects”, “General after vaccination”, “Thank-

ful.” Additionally, they provided labels of sentiments (positive, neu-

tral, negative). We included all entries containing one or more replies

to ensure every data point represents a discourse structure. The la-

bels for stance and sentiment were directly taken from the dataset.

Since they did not include labels for harmfulness, we manually and

randomly assigned harmfulness values in the prototype. This means

that harmfulness labels were distributed without any specific pattern

or criteria solely to display the feature within the DiscourseDash. This

approach is commonly seen in HCI research, where placeholder or

synthetic data is employed when the focus is on evaluating the con-

ceptual design prototype Pollack et al., 2019. Each row in the dataset

includes timestamps and the total number of child-level comments

for each row belonging to a root-level comment. These columns are

used to illustrate the popularity of topics in the prototype.

5.8 chapter summary

This chapter presents an artefact through the development of Dis-

courseDash. DiscourseDash serves both as a research probe and a

functional prototype to evaluate how users interact with it during

decision-making in the analysis of social media discourses. The chap-

ter details the process of translating the design goals into a working

prototype. It begins by establishing the design rationale, grounding

development in the considerations and practical insights obtained

from Chapter 4. The interface design is presented to illustrate the

core components and their intended functionality. The chapter then

introduces the system architecture and defines the structures support-

ing prototype development. A user flow diagram demonstrates how

interactions unfold from a user’s perspective, and a system overview

connects these elements into a unified framework. Finally, the imple-

mentation of the prototype as a functional artefact is described. These
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sections inform the conceptual and technical foundations of the proto-

type to prepare an interactive design for user evaluations. In the next

Chapter 6, the thesis will build on this by examining user interac-

tions with the prototype and generating insights into its effectiveness

in supporting decision-making workflows.



6
A M I X E D - M E T H O D S T U D Y W I T H G E N E R A L U S E R S

This chapter presents the findings of a user study investigating how

general users (non-experts) interact with DiscourseDash in a decision-

making scenario. The aim is to explore the potential of the design in

supporting the analysis of social media discourses with general users.

We conducted a task-based evaluation using (1) an interactive pro-

totype, (2) a realistic decision-making scenario, (3) structured tasks

reflecting real-world practices, and (4) guiding sub-questions.

The insights from Chapter 4 highlighted the opportunities and lim-

itations of a computational learning task. These insights inspired the

need to extend the visual analytical output towards interpretable

discourse-level insights. Building on this, Chapter 5 described the

design of DiscourseDash, which integrates multiple analytical outputs

into an interactive interface with an emphasis on unfolding the discur-

sive nature of social media discourses. The design aimed to support

decision-making workflow by allowing navigation towards interpre-

tive insights from discourses.

This study examines how individuals without prior expertise in

social media analysis perceive the conceptual flow of DiscourseDash

while completing a set of designed tasks. A participatory ap-

proach was adopted to evaluate the design, gather evidence from

user interaction experiences, and identify areas for improvement.

Given a decision-making scenario, participants assessed whether Dis-

courseDash’s analytical features supported them in interpreting com-

plex social media discourses compared to navigating an unstructured

social media platform such as Reddit. This chapter presents empirical

evidence on how discourse-level context supports decision-making

for general users.

115
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6.1 introduction

Existing social media analytics tools typically focus on quantitative

indicators such as sentiment, opinions, or engagement metrics (see

Chapter 2). These are frequently presented individually or in com-

bination through visual summaries. While these measures provide

useful information, they fail to capture the underlying discourse that

gives meaning to these metrics. This creates a significant challenge be-

cause decision-making support remains incomplete when high-level

analyses cannot be interpreted with human input. This limitation

is relevant in situations where a timely understanding of how and

when discourses unfold is essential for informed decision-making

(see Section 2.1.2). Interpreting discourse directly from unstructured

platforms can be inefficient and cognitively demanding as users are

required to extract relevant insights from these large volumes of in-

formation.

The design of DiscourseDash aimed to address these challenges by

combining computational outputs with discourse-level insights pre-

sented through an interactive design. Chapters 4 and 5 outlined the

opportunities and limitations of computational methods and the ra-

tionale behind the design of DiscourseDash. The interactive design

differentiates itself by emphasising discourse-level insights through

linking visual summarised outputs back to the underlying discourse.

This chapter progresses to evaluating the design by examining how

these ideas work in practice when applied to user interactions.

To investigate this, we conducted a mixed-method study with gen-

eral users (non-experts) through a task-based evaluation approach.

Participants were presented with a realistic decision-making scenario

and asked to complete structured tasks using DiscourseDash as well

as an unstructured social media platform for comparison. This design

investigated how users perceive the design in contrast to manually

navigating social media discourses. Through non-expert users, the

study examines how accessible and useful discourse-level analytics

are to users without prior experience in social media analysis.
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The purpose of this evaluation is therefore twofold: first, to assess

the efficiency and relevance of DiscourseDash in supporting user inter-

pretation of complex social media discourses; and second, to generate

empirical evidence about the potential and limitations of analysing

social media through discourse-level insights in practice. The study

adopts a participatory approach, combining qualitative insights from

user experiences with quantitative measures of task performance. The

study was guided by the following research questions:

rq1 How do users perceive DiscourseDash in analysing social media dis-

courses in the context of making informed decisions? This question

explores user interactions and behaviours to assess the effective-

ness of DiscourseDash in supporting decision-making.

rq2 To what extent do the proposed features in DiscourseDash, such as

stance analysis, sentiment analysis, harmfulness labels, Popularity

Over Time, influence or support decision-making workflows? This in-

volves evaluating the usefulness of individual features in sup-

porting tasks.

rq3 How can the design of DiscourseDash be improved and refined

through a user-centred approach? This question identifies consid-

erations for enhancing usability and the overall user experience

in future iterations.

These questions are structured for the chapter that aims to demon-

strate the value of DiscourseDash in practice and guide future designs

of discourse-level social media analytics tools.

6.2 study design

The study employed a within-subjects design where participants com-

pleted three predefined tasks using two experimental conditions in

counterbalanced order: (1) Reddit as a baseline, and (2) DiscourseDash

as our proposed interactive design. Each participant completed three

predefined tasks using each condition. After completing each task, we
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interviewed each participant using a semi-structured format to gather

qualitative data. At the end of each condition, participants completed

a questionnaire to quantify their experiences and perceptions. The

sequence was then repeated for the second condition. Following in-

teractions with both conditions, participants took part in a final semi-

structured interview. This concluding interview allowed participants

to compare the effectiveness of DiscourseDash with Reddit in perform-

ing the same tasks and to suggest potential improvements. This ap-

proach allows this research to assess the DiscourseDash’s effectiveness

in supporting decision-making, the usefulness of its features, and op-

portunities for user-centred enhancements.

6.2.1 Baseline

Baseline selection should reflect realistic and representative user prac-

tices (Purchase, 2012). Manual exploration of unstructured social me-

dia simulates a journalist’s workflow (Hellmueller et al., 2024; Hu-

mayun and Ferrucci, 2022). This makes an unstructured platform cho-

sen as an experimental condition a suitable setting. For this, Reddit

was selected as the baseline due to its well-established open discourse

structure, as it presents a large amount of threaded comments, sub-

reddits, upvotes, and downvotes (Hollender et al., 2010). Compared

to Twitter/X or Facebook, Reddit supports longer discussions, clear hi-

erarchical threads, and topic-focused communities, making it appro-

priate for comparison in this study. Although Reddit may not capture

all interaction types present on other platforms, its open, community-

driven nature provides a reasonable representation of unstructured

social media. For the clarity of this study, Reddit posts are treated as

root-level comments, and Reddit replies as child-level comments, in which

all link back to the initial established definitions for this thesis (see

Section 2.1.1.1).
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6.2.2 Recruitment and participants

The study recruited participants from university research groups,

including professors, researchers, and students. Further screenings

were not applied to filter the participants (see Appendix A.4.1). The

study assigned participants to interact with the conditions in a coun-

terbalanced order. To respect participant privacy and because demo-

graphic details were not relevant to the study’s aims, the study did

not collect detailed demographic data. This approach aligns with

prior evidence suggesting that participants may feel uncomfortable

sharing such information (Frederick, 2021). The study used partici-

pant codes (e. g., G1) as anonymised identifiers, where “G” denotes

a general user. A complete list of participant codes, their assigned

counterbalanced condition orders, interview dates, and anonymised

excerpts from the transcripts is available in the Nottingham Research

Data Management Repository.

6.2.3 Procedure

The study provided participants with an initial briefing on the re-

search topic and the study’s objectives, which focused on evaluating

the effectiveness of an interactive design in analysing social media

discourses. To minimise bias, the study did not disclose the compari-

son between conditions. Each participant completed one of two con-

ditions first, followed by the other, in a counterbalanced approach: (1)

baseline Reddit or (2) DiscourseDash. Participants began by familiaris-

ing themselves with the assigned condition. Drawing from virtual ex-

perience methodologies, a realistic narrative was provided to enhance

ecological validity (Gorini et al., 2011). Participants assumed the role

of a fact checker tasked with identifying newsworthy topics and craft-

ing impactful articles, inspired by journalistic practices (Hellmueller

et al., 2024; Humayun and Ferrucci, 2022). This scenario helped link

the tool’s metrics with its intended impact (Lam et al., 2011). Then,

https://rdmc.nottingham.ac.uk/handle/internal/12000
https://rdmc.nottingham.ac.uk/handle/internal/12000
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participants completed three separate, predefined tasks designed to

reflect these realistic workflows. The tasks are detailed as follows.

• Task 1: Topic to prioritise for investigation. Participants needed

to select a discussion topic to prioritise based on their interac-

tion with the assigned condition. The objective was to select a

topic that stands out based on its potential impact on current

trends. The participants had to justify why the selected topic

was more significant than the others.

• Task 2: Extract some key points of stance arguments based on

the topic evident in the discourse. Participants were asked to

investigate the discourse on the chosen topic from Task 1 to

extract the reasoning behind various stances. For instance, they

had to identify supporting arguments for the “favour” stance

related to the topic.

• Task 3: Describe the overall sentiment present in the discourse.

Similarly, participants were asked to describe the emotions re-

flected in the discourse surrounding the topic they were investi-

gating in Task 2.

Throughout the tasks, participants used a think-aloud protocol to

articulate their thought processes. After completing each task on

the first assigned condition, participants were guided in a semi-

structured interview and completed a questionnaire to evaluate their

experience. The same procedure was then repeated with the second

condition. The study concluded with a final semi-structured inter-

view in which participants compared the two given conditions, iden-

tified their preferences, and suggested improvements. Each partici-

pant received a £10 Amazon voucher in recognition of approximately

60 minutes of participation. Figure 20 illustrates the study conditions

and procedure.
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Figure 20: Overview of the study procedure involving general users.

6.2.4 Data collection

This study employed a mixed-method approach (Creswell, 2021) to

collect both quantitative and qualitative data. Quantitative data cap-

tured measurable aspects of participants’ interactions and percep-

tions, while qualitative data provided insight into their reasoning.

Microsoft Teams automatically transcribes all audio recordings, and

the transcripts were manually reviewed for accuracy. The transcripts

were then organised by interview questions in Microsoft Excel, re-

sulting in the dataset presented in the Nottingham Research Data

Management Repository. This allowed a structured mapping of par-

ticipant responses for a systematic and rigorous analysis. The study

was conducted in English via Microsoft Teams between June and July

2024.

https://rdmc.nottingham.ac.uk/handle/internal/12000
https://rdmc.nottingham.ac.uk/handle/internal/12000
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6.2.4.1 Interview

We conducted semi-structured interviews to collect qualitative data.

The first round of interviews took place after each task for both condi-

tions. To gain insights into participants’ interactions while completing

the tasks, we asked the following sub-questions (SQ):

SQ1 Describe the process you followed to complete the task.

SQ2 What are some key indicators from the provided condition that

guided your decision-making process

SQ3 Are there any difficulties or challenges encountered while com-

pleting the task? If so, please describe them

SQ4 How intuitive do you think the provided condition guided you

through the task?

Another semi-structured interview will be conducted after partic-

ipants interact with both conditions. These questions will focus on

comparing the conditions and gathering insights to identify improve-

ments for DiscourseDash. These questions include:

Q1 Which condition did they prefer to complete the task and why?

Q2 What improvements would they suggest for DiscourseDash?

Q3 Are there any additional functionalities that they think would

be useful to have implemented in DiscourseDash?

6.2.4.2 Questionnaire

Participants completed a questionnaire using a Likert scale. The first

question, asked for both conditions, was: “How difficult or easy was it

to identify a topic to prioritise using the provided condition?” This was

followed by a set of additional Likert-scale questions specific to Dis-

courseDash:

1. The harmfulness label was a useful indication.
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2. The stance analysis helped me understand the importance of

each topic.

3. The sentiment analysis helped me understand the importance

of each topic.

4. The popularity analysis helped me prioritise one topic over an-

other.

5. Investigating discourses with labels helped me identify key fac-

tors for different stances and sentiments on a specific topic.

In addition, the System Usability Scale (SUS) (Brooke et al., 1996) pro-

vided a quantitative measure of the usability of each condition (see

Appendix A.2).

6.2.5 Analysis

6.2.5.1 Interview

First, the interview transcripts were summarised and analysed to un-

derstand decision-making processes, the key indicators they found

useful, the challenges encountered, and the overall experiences with

each condition. Then, a thematic analysis (Braun and Clarke, 2012)

was conducted to systematically identify, organise, and interpret pat-

terns of meaning within the qualitative data. This method was se-

lected for its ability to capture themes from participant narratives

to understand user interactive experiences. Initially, the analysis was

performed by summarising interview responses and performing an

initial open coding to detect emerging patterns. These codes were

iteratively refined through regular discussions with the supervisory

team to improve consistency and alignment with the study’s research

questions and goals. Illustrative participant quotes are included to

contextualise and substantiate the findings.
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6.2.5.2 Questionnaire

Quantitative data from the questionnaire were collected after each

interaction with a condition. These were then analysed using statis-

tical methods to evaluate topic prioritisation, feature usefulness, and

overall usability. To compare ratings between paired conditions, we

used the Wilcoxon Signed-Rank Test. This non-parametric test is suit-

able for comparing two related samples as it effectively handles non-

normally distributed data. In addition to that, a Friedman Test was

used to assess perceptions across multiple features. This test is ap-

propriate for ordinal data and allows us to compare more than two

related samples. These allow the measurements of the relative perfor-

mance of DiscourseDash compared to the baseline condition.

6.3 findings

This section presents both quantitative and qualitative analyses of our

study. The quantitative results (Section 6.3.1) examine questionnaire

ratings between conditions using statistical tests. The qualitative re-

sults (Section 6.3.2) summarise participant responses from the semi-

structured interviews for comparing their experiences and challenges

with both conditions for each task. Then, thematic analysis identifies

and compares common themes within conditions in this study to pro-

vide insights into user perceptions and suggestions for improvement.

6.3.1 Quantitative results

The following results are based on all responses collected from the

Likert scale questionnaire after each interaction with a condition. The

Wilcoxon Signed-Rank Test was chosen to compare ratings between

two paired conditions by each participant, as it is suitable for non-

parametric, non-normally distributed data. We also selected the Fried-

man Test to compare perceptions across multiple features because it

can handle more than two related samples and is appropriate for or-
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dinal data. All detailed questionnaire responses are provided in the

Nottingham Research Data Management Repository.

6.3.1.1 Comparative analysis of the ease of prioritisation

We conducted a Wilcoxon Signed-Rank test to compare the ease of

identifying a topic between the Reddit baseline and DiscourseDash.

The analysis revealed a Z statistic of Z = −3.928 and a p-value of

p < 0.001. These results were statistically significant, indicating that

DiscourseDash is perceived to be significantly easier to prioritise a

topic to create impact compared to the Reddit baseline.

6.3.1.2 Evaluating the perceptions of the usefulness of DiscourseDash

features

To illustrate the Likert scale agreement by participants, we present

our results in a stacked bar chart (see Figure 21). Observing the pro-

portions of “Agree” and “Strongly Agree”, we can see that these cat-

egories occupy the majority, indicating the relevance of our proposed

features in achieving decision-making tasks.

Figure 21: A stacked bar chart shows the proportion of responses from par-

ticipants evaluating each feature.

https://rdmc.nottingham.ac.uk/handle/internal/12000
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6.3.1.3 Comparative analysis of the perceptions of the usefulness of Dis-

courseDash features amongst participants

A Friedman test was conducted to compare the participants’ percep-

tions of the usefulness of features. The features evaluated are the

harmfulness label (M = 2.56), sentiment analysis (M = 2.90), sentiment

analysis (M = 3.40), popularity analysis (M = 3.25), and discourse in-

vestigation (M = 2.88). Although sentiment analysis received the high-

est mean rank, the test did not reveal a statistically significant differ-

ence in perceived usefulness within all the features, χ2(4) = 7.295,

p = .121. This suggests that participants rated the usefulness of these

features similarly, with no feature standing out as significantly more

or less useful than the others.

6.3.1.4 Preliminary usability testing outcomes

DiscourseDash achieved a System Usability Scale (SUS) score of 78.9,

well above the commonly accepted usability benchmark. This indi-

cates that participants found the system both usable and accessible.

The results reflect positive perceptions of the tool’s ease of use and

the suitability of its design for completing the assigned tasks. These

preliminary usability outcomes suggest that the design flow is suffi-

ciently intuitive for its evaluation in the subsequent study presented

in Chapter 7.

6.3.2 Qualitative results

This section summarises the qualitative findings for each task de-

scribed in Section 6.2.4.1. The results are organised according to Task

1, Task 2, and Task 3. For each task, the responses from participants

using both conditions are summarised, covering the process followed,

key indicators used, difficulties encountered, and the intuitiveness of

both conditions. Due to the nature of this study, qualitative data were

collected from a larger number of participants (n=26). The findings

from participants captured a broad range of perspectives with recur-
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ring and intersecting themes. To provide a clear overview, we first

present a general summarised version of responses to each question.

This will set the scene as context for the subsequent thematic analysis.

Thematic analysis is then applied to identify and compare patterns

within and across conditions for revealing insights into user percep-

tions and suggestions for improving DiscourseDash. Given the study’s

design, which included two conditions, multiple tasks, and several

sub-questions, this structured approach ensures a coherent presenta-

tion of findings before looking into detailed thematic interpretations.

6.3.2.1 Task 1

Participants were asked to select a topic for prioritisation based on

its relevance and potential impact. On Reddit, participants navigated

their decision-making thought process through upvotes, replies, and

their knowledge of current events to assess the relevance of infor-

mation observed in the platform. In contrast, DiscourseDash offered

a more structured process where the process started with the use

of Trending Topics and the Harmfulness label. Then, the Stance Dis-

tribution and Sentiment Distribution graphs helped identify differing

viewpoints that ultimately supported their final decision for the task.

Achieving the task was more challenging on Reddit due to the over-

whelming volume of irrelevant comments that lacked clear engage-

ment indicators. On the contrary, DiscourseDash provided clearer sum-

maries and graphs that facilitated their decision-making process in

prioritisation.

However, participants encountered issues with the meaning of la-

bels for Stance Distribution and Sentiment Distribution in DiscourseDash,

and struggled to relate how these analytical features connect. Despite

these limitations, DiscourseDash was generally perceived as more intu-

itive compared to manually navigating discourses through Reddit’s

complex structure. For a detailed comparison of each sub-question

between conditions, see Table 7. Findings are presented in order of

frequency, starting with the most commonly mentioned considera-

tions by participants when prioritising a topic for investigation.
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Table 7: Comparison of Task 1 summarised findings across sub-questions

and conditions.

sq baseline reddit discoursedash

1 Reviewed comments

that ranked at the

top, using numerical

features like upvotes,

replies, and dates to

gauge relevance within

subreddits, combined

with their knowledge of

current events. Some re-

lied on prior knowledge

for keyword searches

and source reliability

(e. g., reputable media

links).

Most started from the Trending

Topics table to generate initial

ideas focusing on accompany-

ing engagement statistics and

the Harmfulness label. There

was some uncertainty about

the meaning of harmlessness.

Popularity Over Time helped

identify trends which influ-

enced how they prioritise top-

ics. Some further articulated

the topic’s significance through

comprehending the analysis of

Stance Distribution and Senti-

ment Distribution.

Continued on next page.
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sq baseline reddit discoursedash

2 Numerical features like

upvotes & comments,

and subreddit thread

headings translated the

relevancy of informa-

tion. Some used infor-

mation from the side-

bar ‘news’ to form judg-

ments and identify re-

curring themes, while

others mentioned their

prior knowledge and fa-

miliarity with sources as

indicators of credibility.

Engagement statistics from the

Trending Topics indicated inter-

est levels. Some considered

Harmfulness labels to indicate a

topic’s potential impact. Mean-

ing that, they view high harm-

fulness as a sign of influ-

ence on a critical issue. Di-

verse viewpoints and emo-

tional tones in Stance Distri-

bution and Sentiment Distribu-

tion graphs further indicated

importance due to contrasting

perspectives. Additionally, Pop-

ularity Over Time concluded fi-

nal validation based on engage-

ment spikes and declines.

Continued on next page.
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sq baseline reddit discoursedash

3 Time-consuming and in-

efficient to sift through

the large volume of

replies with irrelevant

information without

related indicators. The

nature of unstructured

social media typically

does not contain useful

summaries or rele-

vant decision-making

indicators, making it

challenging to prioritise

topics efficiently. This,

combined with deleted

posts and trolls, further

complicated the process.

Confusion about the meaning

of the Harmfulness label and

found it difficult to differen-

tiate between Stance Distribu-

tion and Sentiment Distribution.

These impacted their decision-

making process as they strug-

gled to use it to connect

their thoughts and interpret in-

sights. They suggested offer-

ing clearer explanations, ad-

dressing potential inaccuracies,

and redesigning the graphs for

better comparison. There were

also uncertainties about the ob-

jective of the Trending Topics.

Meaning that a topic name that

is too ‘short’ or ‘broad’ with

no descriptions lacks sufficient

context for the user to gauge

what the topic is about. Others

were confused by the inconsis-

tent ordering of topics in each

component.

Continued on next page.



6.3 findings 131

sq baseline reddit discoursedash

4 Most found it non-

intuitive due to its

overwhelming volume

of comments and com-

plex interface. Upvotes

were initially helpful,

but having to read

through all comments

with no relevant indica-

tor for this task made

prioritising urgent mat-

ters challenging. Some

struggled to focus on

specific subtopics within

broader discussions. Al-

though engaging in

discourse can be an

immersive experience

for readers interested in

debated topics, it is not

practical for professional

tasks.

Most found it highly intuitive,

as clear summaries and graphs

made it easier to manage in-

formation for formulating in-

formed decisions. Some partic-

ipants found the tool only par-

tially intuitive and noted that

the Stance Distribution and Sen-

timent Distribution graphs were

not well-explained as to how

they handle complex social me-

dia language such as negation

or sarcasm.

End of table 7.

6.3.2.2 Task 2

Participants were tasked with extracting key arguments representing

various stances on the selected topic from Task 1. On Reddit, partic-

ipants encountered challenges in navigating the high volume of dis-

courses, relying mainly on numerical upvotes, comments, and sorting

mechanisms provided by the platform. The lack of clear indicators

also presented a challenge to their ability to extract key arguments
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that reflect the topic. In contrast, DiscourseDash provided a more sys-

tematic approach. This is because the Summary graph and the detailed

Discourses view were used to filter Stance Distribution and Sentiment

Distribution when identifying key arguments.

Reddit was limited due to the absence of a structured overview.

On the contrary, DiscourseDash introduced difficulties with certain dis-

courses that extend very long and present inconsistencies in the labels

that intend to support the analysis process. Even so, DiscourseDash

was generally perceived as more intuitive and offered a more struc-

tured navigation towards understanding the discourses. For a de-

tailed comparison of each sub-question between conditions, see Table

8. Findings are presented from most to least frequently mentioned

points to highlight participant actions and interpretations during the

extraction of key arguments about the topic selected in Task 1.
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Table 8: Comparison of Task 2 summarised findings across sub-questions

and conditions.

sq baseline reddit discoursedash

1 Manually reviewed com-

ments individually sup-

ported with their per-

sonal judgment in as-

sessing stance positions.

Some interpreted high

upvotes as in favour po-

sitions. Others focused

on analysing individ-

ual comments, mostly

limited to those pre-

sented at the top by

the platform’s algorithm

to understand underly-

ing opinions and argu-

ments.

The use of Summary graph

guided and validated their

findings through a brief re-

view of the analysed Discourses.

They filtered Stances from the

discourse table to inspect vary-

ing stances, sometimes bypass-

ing longer discourses. Some at-

tempted to sort by the num-

ber of replies as an indication

of the relevance of discourses,

which is a function currently

not supported.

Continued on next page.
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sq baseline reddit discoursedash

2 Upvotes were used to

gauge content popular-

ity and relevance, with

high upvotes indicating

widely accepted opin-

ions. Some sorted “top”

and “controversial” as

a way to find relevant

discourses. Others used

keyword searches to

gain a broader perspec-

tive on the discourse

related to the topic.

The ability to filter Stance Dis-

tribution and Sentiment Distri-

bution in the Detailed Analy-

sis allowed participants to nar-

row down relevant informa-

tion. The column next to each

text within a discourse, indi-

cating the number of replies,

also directed participants’ at-

tention to the highly debated

ones. Overall, having each post

or reply labelled with its cor-

responding Stance Distribution

and Sentiment Distribution in

Detailed Analysis supported the

process in extracting multiple

key arguments.

Continued on next page.
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sq baseline reddit discoursedash

3 Irrelevant or off-topic

information made it

challenging to navigate

the overwhelming vol-

ume of discourses and

to grasp an overview

stance in identifying key

arguments. The combi-

nation of the discourse’s

hierarchical structure

and the absence of

indicative labels con-

tributed to a confusing

and time-consuming

navigation experience.

Long texts within the De-

tailed Analysis were challeng-

ing. While participants ap-

preciated the labels and nu-

merical indicators, they sug-

gested adding summaries, key

themes, and highlighting key-

words. Some struggled to filter

discourses based on popular-

ity and relevance. This is due

to the inability to sort by the

number of replies. This created

uncertainty about whether the

most significant discourse was

being examined. There were

also uncertainties in the labels,

as some participants noticed

discrepancies between the la-

bels and their own interpreta-

tions.

Continued on next page.
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sq baseline reddit discoursedash

4 Most found it non-

intuitive, with issues

similar to Task 1, such

as dealing with irrel-

evant comments that

complicated their efforts

to determine broader

opinions and themes.

Some found it partially

intuitive due to famil-

iarity with the platform,

but noted a lack of

structured filtering and

clarity for the task.

Most found it intuitive to un-

derstand the overall stance on

a topic. They appreciated how

it addressed initial distrust

of high-level summaries on

the Overview page and valued

the categorisation that allowed

users to review different types

of summaries within the under-

lying discourses. The process

was described as a manage-

able approach for observing

sentiments and gauging public

opinions over time. However,

some participants found it only

partially intuitive, as certain

discourses were too long and

difficult to grasp.

End of table 8.

6.3.2.3 Task 3

Participants were asked to describe the overall sentiment in the dis-

course related to the selected topic. On Reddit, participants manu-

ally reviewed each comment to classify sentiment individually, re-

lying on upvotes and filtering options. However, this process was

time-consuming and did not capture the overall sentiment unless par-

ticipants reviewed every single comment. In contrast, the Summary

and Sentiment Distribution graphs in DiscourseDash provided a clearer

understanding of sentiment, offering keyword filtering that allowed

users to explore specific emotions, such as anger or confusion.
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Despite these advantages, participants noted challenges due to the

lack of an option to filter discourses by engagement numbers and in-

consistencies in sentiment labels when interpreting comments them-

selves, which at times reduced their trust in those labels. While Red-

dit was considered non-intuitive for analysing the overall sentiment

by topic of interest, DiscourseDash provided a clearer and more ef-

fective navigation through its proposed features. For a detailed com-

parison of each sub-question between conditions, see Table 9. Find-

ings are presented from most to least frequently mentioned points to

highlight participants’ interactions aimed at understanding the over-

all sentiment in the discourse.

Table 9: Comparison of Task 2 summarised results across sub-questions and

conditions.

sq baseline reddit discoursedash

1 Manually inferred the

overall sentiment of

a discourse by man-

ually interpreting

only a few of the top

comments, drawing con-

clusions based on their

understanding from

completing Task 2. Most

relied on the platform’s

sorting options to focus

on these top comments.

Reviewed the Summary of the

sentiment graph to gauge the

overall sentiment. Some fur-

ther noted that during Task

2, they found a substantial

volume of negative discourse.

They used filtering to explore

different Sentiment Distribution

categories. This helped them to

draw firm conclusions about

the overall sentiment and de-

velop an elaborate description

of the sentiment types, includ-

ing emotions such as confusion

and anger.

Continued on next page.
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sq baseline reddit discoursedash

2 The use of the num-

ber of upvotes to se-

lect comments and form

an understanding of sen-

timent, with the filter-

ing mechanism indicat-

ing the relevance of

the top comments that

needed to be reviewed

manually to conclude an

overall sentiment.

The visual Summary and sen-

timent graphs in the Detailed

Analysis of a topic, along with

the filtering functions and the

number of replies in the Dis-

courses table, were all reported

as helpful for identifying and

narrowing specific sentiments.

3 Laborious and challeng-

ing due to the exten-

sive volume of com-

ments. While evaluat-

ing upvotes and shorter

comments was manage-

able, it was insufficient

to represent the com-

plete understanding of

the overall sentiment for

longer or less direct com-

ments.

Uncertain about analysing sen-

timent in detail due to the con-

cerns about missing key points,

because they could not fil-

ter by the engaged discourses.

They also questioned the accu-

racy of Sentiment Distribution

labels. They found inconsisten-

cies between their own inter-

pretations of labels and those

shown in the Discourses table,

which raised doubts about the

visualisations and their confi-

dence in concluding their task,

relying on the presented analy-

ses.

Continued on next page.
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sq baseline reddit discoursedash

4 Most found it non-

intuitive as manually

reading all posts was

perceived as ineffective

for an analysis task

to produce informed

conclusions, despite the

ability to filter “top”

comments.

Most participants found it intu-

itive and effective for gaining

an overview through its visual

presentation and Detailed Anal-

ysis of discourses. While im-

provements were needed, they

appreciated how it combined

objective analysis with subjec-

tive user input.

End of table 9.

6.3.2.4 Final interview

Q1: Which condition did the participant prefer to use in achieving tasks, and

why? All participants preferred their experience with DiscourseDash

for the given tasks compared to the baseline Reddit. From the given

scenario (which is a fact-checker’s perspective), participants com-

pared both experiences and noted that DiscourseDash provided a more

efficient process for addressing and creating impact on a topic of dis-

course. They appreciated the collaborative idea of combining support-

ive analysis with human input. All proposed features were consid-

ered useful for helping them focus during the investigation. Overall,

participants found manually handling discourses on a social media

website to be an unsatisfactory experience for extracting important

information in professional settings.

Q2: What are the suggested improvements that can be done on Dis-

courseDash?

• Explanation: Participants suggested that the terminology used

across DiscourseDash should be more clearly explained through

interactive design to improve user interpretation. They also rec-

ommended that the naming of each topic in Trending Topics pro-

vide better descriptions or framing, as some participants found
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the current labels too brief to convey context. Many participants

struggled to understand the correlation between design com-

ponents in the analysis, for instance, how the graphs convey

information, how they relate to each other, and how they sup-

port comparative decision-making. Therefore, the graphs need

to be revised to make it clear how they support comparative

analysis. Similarly, participants recommended displaying Harm-

fulness labels as percentages to make them easier to interpret.

These suggestions were brought forward from a user perspec-

tive to enhance user confidence and facilitate better-informed

interaction with the design.

• Transparency: Some participants suggested that DiscourseDash

could be improved by enhancing transparency in its analysis

processes. They recommended providing users with detailed

information about the methods used to generate the proposed

labels, including how sentiment, stance, and harmfulness are

calculated. In addition, indicating the confidence levels of the

results was suggested as a way to help users assess the reli-

ability of the data. Participants emphasised that these aspects

are important when working with social media information,

where sarcasm, trolling, and ambiguous language can create un-

certainty about how accurately the system interprets discourse.

Hence, improving transparency in these areas was seen as cru-

cial for building trust in outputs designed for decision-making.

• User Experience: Some participants suggested that the colours

used to differentiate classes in the graphs should be more con-

trasting to improve accessibility. They emphasised that clearer

visual distinctions would make it easier to identify patterns and

interpret the analyses accurately. Additionally, participants rec-

ommended improving the connectivity between topics across

different parts of the analysis to create a smoother user expe-

rience. For instance, selecting a topic in one view could auto-

matically highlight all corresponding graphs and related infor-
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mation across the Overview and Detailed Analysis pages. This

interactive linking would help users trace relationships, com-

pare trends, and navigate the system by reducing cognitive load.

Overall, these suggestions were brought forward to ensure that

users can interact with the system intuitively.

Q3: Are there any additional functionalities they think would be useful to

have implemented in DiscourseDash? One of the most frequently sug-

gested improvements for the Detailed Analysis was a feature for sum-

marising results. Participants recommended highlighting relevant key-

words and generating themes from combinations of stances and senti-

ments to provide a clearer overview of discourse trends. For instance,

integrating an LLM to support users in specifying which discourses

or stances of results they wish to summarise. Given the global na-

ture of social media, including demographic information was another

feature considered valuable for future adaptation. Participants also

suggested implementing social network analysis to connect information

across discourses and reveal relationships or influential patterns.

From a fact-checking perspective, some participants noted that a

function to take notes during investigations would help them track key

points in cases when the investigation occurs over the span of weeks

or months. For instance, they could record observations, thoughts, or

references during the analysis for reference during the final review

that happens later on. Additional suggestions included enhancing fil-

tering contents, such as the ability to remove or tag irrelevant or sen-

sitive items, either by providing a warning sign in the settings or by

presetting a list of keywords to exclude from the presented analysis of

discourses. Finally, integrating real-time data and providing recommen-

dations for top-discussed topics based on the user’s history of analy-

sis or interested topics could support a more personalised experience

within the exploration of social media discourses on DiscourseDash.
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6.3.3 Thematic analysis

A thematic analysis was conducted on the qualitative data by organ-

ising it into three subsections. Each subsection highlights key themes

from participant perceptions, structuring the findings by contrasting

their experiences across both conditions.

6.3.3.1 General user perceptions of DiscourseDash

The findings in this section address RQ1 by illustrating how users

perceive the effectiveness of DiscourseDash in supporting decision-

making through its interactive design for analysing social media dis-

courses. Participants consistently preferred DiscourseDash over the

baseline social media platform Reddit for the given tasks. They cited

its efficiency in combining extensive data into useful insights. G26

highlighted this by stating:

“This would make it easy to justify your thoughts... where

you can tell him [your superior] how many thousands of

people are interested in this [topic] right off the bat.”

Similarly, G15 noted, “I’d say that was much more informative and

easier to navigate through.” Another frequently mentioned reason

for preferring DiscourseDash was its visual clarity and ease of use.

G19 pointed out that “DiscourseDash gave us a clear overview about

where you should focus on.”

The ability of DiscourseDash to quickly access and interpret large

volumes of data allowed participants to make more informed deci-

sions. This was perceived as valuable when decisions require justifi-

cation. G25 articulated this:

“The graphical representation and all of these graphs were

telling me exactly the information required to [achieve

tasks] and finding out what’s going on [in the discourse].”
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Similarly, G15 suggest that DiscourseDash is perceived as an effec-

tive means for providing objective analysis, which is important for

informed decision-making.

“[Reddit] gave me comments that I can read through, but

I would see the statistics and graphs [from DiscourseDash]

to make sure I make an informed decision. By doing that

passively, I not only get information from all the comment

sections, but I also get to read through the comments if

needed.”

theme 1 : effectiveness that guides a decision-making

process

Participants reported that DiscourseDash facilitated a more struc-

tured approach to decision-making by providing clear overviews and

summarised insights. Several participants highlighted that the Dis-

courseDash provided a “good overview” (G16) and “helps to boil

down the overall topics that are being discussed” (G6). G1 compared

their experiences with Reddit, noting:

“DiscourseDash gave a better overview... whereas [Reddit]

is not conducive for me to find out the most important

viewpoints and topics that I [as fact checker] should be

addressing.”

This structured presentation was perceived as beneficial in pro-

fessional settings when decisions require concrete reasoning. Partici-

pants also emphasised that the DiscourseDash could save significant

time. As G10 mentioned, “It’s much faster and easier to identify the

for and against positions that are already categorised for me.” Mean-

while, G13 found the Stance Distribution and Sentiment Distribution

“very useful” for gauging public perceptions of different topics.

In contrast to that, navigating Reddit posed considerable challenges.

G3 explained, “[In Reddit] it takes ages to find what I want to do,
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and if I want to determine sentiments, I need to check these replies

manually.” G19 shared a similar thought by saying:

“It’s like I need to read, for example, thousands of com-

ments [...] to get an idea [from Reddit] while the analysis

here [DiscourseDash] saves a lot of time [...].”

G23 added, “In Reddit, I have to like maybe read the comment twice

to understand the sentiments and stances.” G6 emphasised the impor-

tance of having support for navigating large volumes of unstructured

data even before using DiscourseDash, stating:

“If you want to do this work properly, you need a tool to

help you [...]. Maybe a ready dashboard [...] there’s too

much information [on Reddit] that is too hard to see the

big picture.”

Overall, participants perceived DiscourseDash as more effective than

manually navigating large volumes of unstructured data for the given

tasks. The combination of structured outputs, visualisation of analy-

ses, and interactive design components all supported users in mak-

ing faster and more informed decisions during decision-making tasks

around analysing social media discourses.

theme 2 : guidance towards articulation of ideas

Participants highlighted how DiscourseDash facilitates understanding

of discourse by revealing ideas, correlations, and trends. For instance,

G15 articulated:

“The discussion is high on the first topic, which states

that there is some confusion or statements made without

proper facts being provided [...]. Here [Stance Distribution

and Sentiment Distribution] clearly states that they are con-

tradictory opinions, and that’s not being resolved.”
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Popularity Over Time was perceived as useful in revealing correla-

tions between different topics of discourse. For instance, G16 articu-

lated their understanding of the interconnected trends across various

topics and explained:

“Whenever there’s a spike in topic one, there’s a spike in

topic three as well. This [particular topic] is also interest-

ing because it follows a correlation with these [two other

topics].”

Another used the DiscourseDash to interpret specific ideas within

the discourse, where G2 noted:

“[...] at the same time they are talking about the second

dose, they are also talking about side effects, with [neg-

ative sentiments towards it] [...] they don’t like vaccines

and very few of them are thankful for all the work done

[for vaccines] so far.”

Similarly, G7 mentioned how the trends in Popularity Over Time

graph stimulated curiosity:

“I would tend to [investigate] what happened around that

time [a decreasing point in time]. What kind of event

might have occurred at that point?”

These examples demonstrate how DiscourseDash supports and

guides participants’ thought processes. Meanwhile, Stance Distribu-

tion and Sentiment Distribution shaped participants’ interpretations.

G18 reflected:

“What I can make out is that people are happier in taking

a vaccine rather than not taking it [...] because from both

the graphs [Stance Distribution and Sentiment Distribution],

[...] the number of positives is more and here the favour is

more than against.”
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While the harmfulness label was interpreted as “high rating of

harmfulness is probably more important” (G10). Adding to that, G17

emphasised that by noting:

“harmfulness also determines newsworthiness [...] so I’m

leaning [my decision] towards the first two [topics labelled

as high harmfulness].”

Instead of the term harmfulness, G18 “would rather it be a say-

ing impact, but I guess it denotes the negative sense of these topics.”

These observations highlight how the harmfulness label was inter-

preted throughout the decision-making process.

Finally, the Detailed Analysis facilitated participants in formulating

ideas about the factors influencing different stances. For instance, G15

explained:

“There are some people who want to take the vaccine, they

show negative sentiment [...] because of limited supply,

and they feel insecure as they are the essential workers,

[...] people who have a neutral stance and sentiment, they

are not exactly sure how the vaccination works and how

it helps.”

Similarly, G25 noted:

“A lot of people are asking how the government is going

to [take action towards the vaccine], [...] there’s a lot of

confusion.”

Taken together, these participants’ insights indicated that Dis-

courseDash the identification, articulation, and interpretation thought

processes were guided through the proposed analyses.

theme 3 : enhancing transparency through detailed anal-

ysis of discourses

Several participants initially expressed scepticism toward the

Overview page due to limited transparency in the high-level sum-
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maries by questioning “where are the sources from?” (G26). Similarly,

G6 expressed their initial doubts while interacting with Overview:

“I have to blindly trust these classifications [...] as I have

no idea what data this has been generated on.”

However, after exploring the Detailed Analysis page, G6 realised:

“I do have access to the data [...] this addresses what I

criticised [previously] about the doubts.”

This contrasting view from the participant illustrates that access to

underlying discourse-level details improved perceived explainability

and trust. DiscourseDash allowed users to trace high-level summaries

back to the discourses, and participants appreciated the transparency

of this in supporting their understanding of the rationale behind the

high-level analyses.

Another key observation highlighting how Detailed Analysis facili-

tated the investigative tasks is evident in G26’s experience. They ini-

tially described having difficulty distinguishing between the meaning

behind stance and sentiment. However, they noted that examining

examples in the discourses helped them better understand these con-

cepts and clarify their meaning. They expressed that:

“It was not very clear until I toggled around. After review-

ing several different combinations and permutations [of

stance and sentiment pairs], I understood the correlation

better.”

This suggests that while the Overview page provides a useful high-

level summary, Detailed Analysis played an essential part in compre-

hending varying stances, sentiments, and their interrelations.

theme 4 : reliability concerns in automated analysis

measures

Participants also raised concerns about the accuracy of the labels pre-

sented in Discourses. A recurring issue was the mismatch between
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their own judgements during manual inspection and the labels gen-

erated within Discourses in Detailed Analysis. For instance, G16 men-

tioned that they noticed “incorrectly marked sentiments,” pointing to

perceived inaccuracies in sentiment classification. Similarly, G6 com-

mented:

“When I dig into the data, which I think is important that

I have the option to, I very quickly identify several [labels]

that don’t match up with my own judgement [...] which

reduces the reliability of what I saw in Overview.”

These observations highlight the need for clearer indications of

confidence or uncertainty in the labelling process. Providing such in-

formation could support more reliable interpretation and help users

calibrate their trust when using DiscourseDash’s outputs for decision-

making.

6.3.3.2 Usefulness of proposed features in influencing decisions

This subsection addresses RQ2 by grouping the proposed analyt-

ical features mentioned by participants during their interactions

and examining how they supported decision-making tasks on Dis-

courseDash.

theme 1 : perceived effectiveness of harmfulness labels

Harmfulness labels were seen as helpful in guiding the prioritisa-

tion of topics that were both widely discussed and considered sig-

nificant due to their potential impact. For instance, G16 noted that

“the harmfulness is quite high. So I’m leaning towards like the first

two.” Similarly, G17 articulated that “harmfulness also determines

newsworthiness, so it might be important to [prioritise] more harmful

news.” They recognised that higher harmfulness signifies more press-

ing issues that deserve greater attention in decision-making. However,

some participants expressed confusion about the labelling of harmful-

ness detection. For instance, G22 pointed out that “I don’t understand
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what the high harmfulness means [...]”. Although without a clear in-

dication of what it means, they were still able to interpret that as: “if

the harmfulness is high, then it is important in my decision.”

theme 2 : roles of stance distribution and sentiment distribu-

tion

The distribution of stances and sentiments shaped how participants

perceived the importance of topics. For instance, G19 mentioned that

“although people talked about it [the topic] a lot [from the Stance Dis-

tribution], not a lot of people have a clear opinion on that [topic]. So,

that might [warrant] a discussion in the article [as a fact checker to ad-

dress it].” This example shows that the presence of diverse opinions

prompts deeper investigation.

Similarly, G26 noted that Stance Distribution helps to contextualise

public opinion: “we can tell that not many people are just singing to

the choir; the public seems to agree on this [topic] but may have more

questions about it.” This indicates that areas of both agreement and

uncertainty can pinpoint issues worth further investigation.

Finally, G22 commented that “I think for me the Stance Distribution

and Sentiment Distribution help shape which [topic of discourse] is

important [...] because if you have [contrasting opinion like against

toward a topic] it enriches the discussion and it’s more exciting [to in-

vestigate].” This suggests that participants relied on the distributions

of stances and sentiments not only to identify topics of interest but

also to prioritise where to focus their efforts for further investigation.

theme 3 : use of popularity over time

Participants used the Popularity Over Time to connect shifts in public

interest with specific events. For instance, G19 noted that:
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“Especially here [spike in the graph], you can see some dif-

ferent changes, which might correspond to specific events

like news that happened at that moment.”

The potential application of popularity trends for future content

planning by fact-checkers was also highlighted. G26 noted:

“While I am comparing these [topics], there is a decreasing

amount of interest in the general vaccine, [...] but maybe

a follow-up article like what might inform my work [as a

fact checker] next would be about the second dose, which

is the next trending topic [observed from the trends].”

This demonstrates how monitoring popularity trends helps guide

intervention planning. Additionally, G07 emphasised the longitudi-

nal aspect of the data by noting that:

“[during] the investigation, focusing on specific points like

maybe this part [decrease in engagement trend] would be

interesting to see what kind of events happened.”

Overall, “although [a topic] is less popular than [another] topic”

(G07), the Popularity Over Time helped participants to recognise when

“it’s rising in importance” (G07) due to emerging relevance.

6.3.3.3 Design improvements for a better user-centred experience

This subsection addresses RQ3 by synthesising the overlapping chal-

lenges participants encountered across tasks. This section identifies

design refinements for enhancing usability, user confidence, and over-

all interactive experience with DiscourseDash to highlight areas for

improvement.

theme 1 : difficulties in interpreting analytical mea-

sures

Participants frequently struggled to understand the proposed analyt-

ical outputs. Confusion occurred around the definitions and metrics
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underpinning harmfulness (G1, G2, G6, G9, G10, G11), as well as the

distinctions and relationships between Stance Distribution and Senti-

ment Distribution (G1, G4, G6, G7, G18). As G1 explained, “It’s unclear

to me what or how they are different. So, I’m inclined to ignore it [...]

but they do tell me people seem to care about topic one a lot.” Such

uncertainty risks reducing their value in decision-making as partici-

pants disregard features entirely. This highlights the need for clearer

presentation of the analytical features, accompanied by explanations,

and for redesigning the graphs to encourage more seamless compar-

ison. Similarly, the descriptions provided in Trending Topics were re-

garded as overly general, making it difficult to cross-reference them

with the visual outputs.

theme 2 : uncertainty about the analytical outputs

Participants raised concerns about the reliability and clarity of the

analytical outputs. Several questioned how topics were extracted and

clustered, with G7 expressing: “I don’t know how those [Trending Top-

ics] were extracted and how the objective choice of topic is.” Others

doubted the algorithm’s ability to capture complex linguistic patterns,

such as sarcasm or negation. As G6 reflected, “How advanced is the

algorithm? Is it able to detect the negation of sentences? Is it able

to detect irony and sarcasm? Such uncertainty illustrates that users

struggled to interpret results with confidence when the processes be-

hind labels remain opaque. As G6 concluded, “all labels seem to be

ambiguous and need some explanation.” These concerns underscore

the importance of explaining calculations and demonstrating the con-

fidence level of automated outputs to mitigate uncertainty in analyti-

cal features.
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theme 3 : usability improvements for better interactive

experience

Participants identified several usability challenges that affected their

experience. First, inconsistencies in terminology across sections were

a recurring source of confusion. For instance, G7 questioned “the

difference between comments, replies, and posts,” highlighting the

need for more consistent labelling across a design tool. Visual design

choices were also reported as difficult to distinguish due to the colour

scheme. G24 suggested that “some other colour contrast would make

it [the different outputs in Stance Distribution or Sentiment Distribu-

tion] more obvious and presentable.” These observations demonstrate

how minor details in terminology and visual design can significantly

impact user experience.

Participants also suggested some relevant features for improving

usability. A common request was incorporating the ability to visually

highlight related data points across DiscourseDash’s Overview when a

topic is selected. As G7 noted, “When you click [a topic] here [in the

Trending Topics], it highlights everywhere on the graphs. I guess that

would help in terms of User Experience (UX).” Implementing such

functionality could enhance navigation experience and help users per-

ceive connections between different analytical outputs during interac-

tions.

6.4 chapter summary

This chapter presented the findings from a mixed-method study

evaluating DiscourseDash, a dashboard designed to support decision-

making through the analysis of social media discourses. The results

indicate that integrating harmfulness detection, stance detection, sen-

timent analysis, and popularity analysis as features provided partici-

pants with supportive insights during decision-making tasks. Partici-

pants demonstrated how they used these features to accomplish tasks
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in realistic scenarios that reflect expert workflows for analysing com-

plex social media discourses. Compared to navigating unstructured

platforms such as Reddit, DiscourseDash was consistently perceived

as more effective for identifying relevant information in making in-

formed decisions.

The findings provide foundational evidence supporting the design

concept presented in Chapter 5, while also highlighting areas for re-

finement. Participants’ interactions reveal the strengths of presenting

discourse-level analysis through an interactive design for decision-

making, as well as the importance of transparency, usability, and con-

fidence in interpreting automated outputs. Overall, the study demon-

strated the value of communicating analysis through the lens of

discourse-level insights and the role of a human-centred approach

in the development of social media analysis interactive design. It also

highlights the critical influence of human factors in ensuring trust,

transparency, and actionable insights in automated analyses. Having

established the validity of the core design, this study provides a foun-

dation for minor refinements of design elements and for conducting

a follow-up investigation with expert users.





7
A N I N T E RV I E W S T U D Y W I T H I N D U S T RY E X P E RT S

This chapter presents the final empirical study of the thesis through

semi-structured interviews with industry experts who analyse social

media discourses to inform decision-making. Building on the pre-

vious mixed-method evaluation in Chapter 6, this study examines

experts’ current workflows, their perceptions of DiscourseDash, and

their views on its potential integration into professional practice. This

draws on methodological principles which emphasise that the most

effective way to ensure the real-world applicability of DiscourseDash is

to involve the very group of users it is designed to impact. This study

explores how the tool aligns with established practices and expecta-

tions by engaging professionals directly. At the same time, questions

are also focused on gathering feedback to guide further refinement of

DiscourseDash.

The interviews focused on three main areas. These were existing

practices in social media analysis, perceptions of DiscourseDash’s con-

ceptual design, and reflections on its practical use. The findings high-

light barriers, opportunities, and design implications, positioning Dis-

courseDash closer to professional application. This chapter extends

the empirical validation of the thesis by examining how discourse-

focused analytical tools align with expert practices. To this end, the

study conducted in this chapter strengthens the evidence around how

discourse-level insights in social media analysis support real-world

decision-making.

7.1 introduction

Industry experts who analyse social media discourses for societal im-

pact play a central role in decision-making across public health (Lit-

155
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man et al., 2020), brand management (Mills and Robson, 2020), and

policy-making (Shahid et al., 2020). Chapter 2 highlighted that these

workflows involve navigating large volumes of rapidly evolving con-

tent, interpreting diverse perspectives, and prioritising information

for actionable outcomes. Despite the importance of these tasks, little

is known about how experts structure their workflows, apply analyt-

ical strategies, and engage with interactive tools designed to support

decision-making. In particular, it remains unclear how tools like Dis-

courseDash that emphasise discourse-level insights can be adapted to

fit professional workflows.

In the previous Chapter 6, DiscourseDash was evaluated with non-

expert users to explore its potential for supporting decision-making

through the lens of discourses in social media analysis. Although

the evaluation demonstrated the effectiveness and practicality of Dis-

courseDash, it did not reflect the workflows and expertise insights of

industry experts. This study complements the previous evaluation by

drawing on expert insights to bridge the gap between design and

real-world practices. To achieve this, we conducted semi-structured

interviews with 11 industry experts who are experienced in analysing

social media discourses to inform decision-making. The study inves-

tigates their current workflows, approaches to social media analysis,

perceptions of DiscourseDash, and suggestions for its practical integra-

tion in professional contexts.

Through examining expert practices, this chapter identifies factors

that influence decision-making. This included the limitations of cur-

rent approaches and feedback to guide future developments. The

study ensures that DiscourseDash aligns with established workflows

while revealing opportunities for refinement. The following research

questions guide the empirical investigation:

rq1 How do industry experts perceive and interact with a dash-

board tool that offers a Detailed Analysis with discourse-level

analysis to make informed decisions?
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rq2 How do industry experts currently analyse social media dis-

courses, and how well does DiscourseDash align with these real-

world practices?

rq3 What key design implications can be drawn to guide future it-

erations of DiscourseDash and better support decision-making

across different professional contexts?

7.2 study design

We designed our interview study using an inductive approach to ex-

plore how experts interpret social media discourses and what they

need from supportive tools. This approach allowed us to use prede-

fined questions while remaining open to new themes that emerged

during the interviews. We structured the questions into three parts.

The first examined participants’ professional roles and workflows, in-

cluding the types of decisions they make, how they analyse social

media discourses, and the challenges they face. The second explored

their perceptions of DiscourseDash by interacting with the prototype,

focusing on features that stood out and those that were missing. The

third assessed how DiscourseDash fits into their workflows, inviting

participants to describe use cases, potential barriers, and suggestions

for future analyses.

7.2.1 Recruitment and participants

Participants were recruited through existing professional networks,

direct outreach on LinkedIn, and targeted recruitment via Prolific (see

Appendix A.4.2). Initial expert selection was based on predefined cri-

teria (see Appendix A.4.3). Years of experience were not used as the

sole indicator of expertise, since prior research indicates that expe-

rience alone does not reliably reflect skill or judgment (Ericsson et

al., 2018). Instead, domain knowledge, contextual understanding, and

the ability to provide reflective insights were prioritised. Participants
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who did not demonstrate these qualities during the interview were

excluded from the final sample. The final sample consisted of 11 par-

ticipants with diverse roles, responsibilities, and sector experiences.

Most participants were based in the UK, while a few had experience

in Japan, Nigeria, and other European countries. Participants were

assigned anonymised codes (e. g., E1), where ‘E’ denotes an expert. A

complete list of participant codes, professions, interview dates, and

anonymised excerpts from the transcripts is available at the Notting-

ham Research Data Management Repository.

7.2.2 Procedure

The interview began with a brief introduction outlining the study

goals and reassuring each participant about the confidentiality of

their participation. A short demographic questionnaire was admin-

istered to ensure diversity and contextualise perspectives, given the

small sample size and focus on high-quality insights. The interview

was structured in three stages.

7.2.2.1 Stage 1: Baseline

Participants were asked questions to establish a baseline regarding

their engagement with social media discourses in decision-making,

the tools and methods they currently use, and the limitations of these

approaches. The questions for this stage are as follows:

q1 Can you describe your role and the types of decisions you make

based on analysing conversations on social media?

q2 How do you use these social media conversations to support your

decisions, or in other words, what details do you pay attention

to or look for?

q3 How do you currently navigate these social media conversations

to make decisions? For example, is there any tool or method

that you rely on? Or do you use Internet Search?

https://rdmc.nottingham.ac.uk/handle/internal/12000
https://rdmc.nottingham.ac.uk/handle/internal/12000
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q4 Do you use software or tools to help with the analysis, such

as spreadsheets, social media monitoring tools, databases, or

LLMs/ChatGPT for summarisation?

q5 Can you describe some challenges you face when using these

tools or methods to support your current workflow?

7.2.2.2 Stage 2: Interaction with DiscourseDash

Participants were introduced to DiscourseDash via a link to the pro-

totype and instructed to share their screen while answering ques-

tions. They first interacted with the Overview, followed by the Detailed

Analysis page. The same set of questions was asked for both pages to

gather feedback on the relevance of DiscourseDash features, including

which elements supported decision-making and what was missing.

The questions for this stage are as follows:

q1 Describe which information presented in DiscourseDash would

help you decide a topic to prioritise among all the ongoing pub-

lic discourses. For example, what details stand out to you when

deciding what is important?

q2 Within this process, can you think of one thing that is missing

from DiscourseDash to help you with this specific task, or your

workflow more broadly?

7.2.2.3 Stage 3: Real-world reflections

After interacting with DiscourseDash, participants were asked to re-

flect on their overall experience. This stage gathered insights on po-

tential real-world use cases, adoption barriers, and integration con-

siderations. The questions for this stage are as follows:

q1 Can you describe some use case scenarios where you see Dis-

courseDash being useful? Examples of how you see it being used

in your workflow or any other workflows you have experience

with?
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q2 What potential barriers or challenges do you foresee in adopting

DiscourseDash in practice, and how could they be addressed?

q3 On the basis of DiscourseDash, can you think of any new types

of analysis that you might do in the future? If so, what kind

of improvements or additional features would you suggest for

that?

At the end of each session, participants received a £20 Amazon

voucher as a token of appreciation for 45 minutes of their time. Figure

22 illustrates the study design and procedure.

Figure 22: Overview of the study procedure with industry experts. The two

key interactive pages are denoted as (i): when i = 1, this refers to

the Overview Page; when i = 2, this refers to the Detailed Analysis

Page.

7.2.3 Data collection and analysis

All interviews were transcribed using Microsoft’s automated tran-

scription immediately after each session. Interviews were conducted

in English via Microsoft Teams between March and April 2025. Each

transcript was reviewed manually against the original audio record-

ing to ensure accuracy and completeness. Thematic analysis was used

to analyse the data. This approach is described in Chapter 3 and was
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applied previously in Chapter 6. Transcripts were read and partici-

pant responses summarised. Open coding was conducted using an

inductive and interpretive approach (Braun and Clarke, 2012). Codes

were organised according to sections of the interview stages to guide

structured interpretation. Themes were developed iteratively through

multiple review sessions to ensure consistency and coherence across

the dataset. This process identified patterns that addressed the re-

search questions and provided insights into expert workflows, percep-

tions of DiscourseDash, and considerations for practical integration.

7.3 findings

The findings are organised according to the interview stages: before

use to establish a baseline, during interaction with DiscourseDash, and

after use to capture reflections. This structure allows a systematic

presentation of themes in relation to the research questions, with each

section highlighting insights relevant to that stage. Compared with

the findings in Chapter 6, the expert user study (n=11) generated

more distinctive and focused insights, with less overlap or repetition

across participants. As a result, the findings are reported concisely by

highlighting the key themes directly.

7.3.1 Understanding expert’s existing workflows

The findings in this section address RQ2 by examining how indus-

try experts currently analyse social media discourses. These prac-

tices and their relevance were brought forward as we establish a

baseline for evaluating how DiscourseDash aligns with expert percep-

tions and real-world workflows. We examine experts’ responsibilities,

workflows, approaches, and challenges in analysing social media dis-

courses to highlight how DiscourseDash could fit within existing prac-

tices. Understanding these workflows informs our research to iden-
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tify where an interactive tool can complement an expert’s decision-

making.

theme 1 : usage of social media discourses in decision-

making contexts

This theme captures how experts engage with social media discourses

as part of their routine decision-making. Their practices demonstrate

that these discourses are relevant within organisational workflows

and priorities for shaping strategic planning and immediate opera-

tional responses.

Integrating social media insights for strategic coordination

Social media insights serve as a key resource that guides both long-

term strategic planning and immediate organisational responses. Ex-

perts described social media discourses as a valuable resource for

shaping brand direction, managing public perception, and aligning

team efforts with broader organisational goals.

These experts analyse social media discourses to detect emerging

trends, guide campaign planning, and inform a range of manage-

ment activities. This strategic use supported coordinated actions and

informed decision-making across teams. E5 described the use of so-

cial media insights in marketing and sales as follows:

“to tell the insights into marketing and sales strategies, [...]

crisis management of the brand, [...] specifically the ones

more related to the bad reputation of the brand.”

E3 highlighted the role of social media ideation and collaborative

planning:

We get the [team] working together and see how we could

generate plans, generate ideas [...], push a particular brand

out there [...] sometimes, we roll with the trends because

it helps whatever it is you’re marketing to get to the re-

quired audience.”
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These accounts reveal how social media insights support collabo-

ration and inform strategic decisions that align with organisational

objectives. Consulting practices extend this strategic use by applying

social media analysis to benchmark industry trends and assess in-

ternal performance. For instance, E7 examined employee discourses

to refine strategies in areas such as the “employee happiness index,

productivity, gender equality, and internal cost optimisation.”

Experts further emphasised that their analyses represent only one

component within broader organisational workflows and are subse-

quently translated into actionable outputs such as reports or presen-

tations. These outputs serve as important channels for conveying in-

sights across teams that guide the implementation of strategic initia-

tives. As E7 explained:

“After analysing the data, I compile the insights into a

report, which is then shared with the marketing and sales

teams to guide their next steps.”

Overall, these findings underscore the role of social media dis-

courses as a strategic resource that informs decision-making and co-

ordinates actions across teams and departments within organisations.

Understanding audiences to inform communication strategies

Understanding audience perspectives was frequently highlighted as

important when it comes to shaping public behaviour. This may in-

volve encouraging people to adopt a product or service or supporting

the implementation of government interventions. On social media,

different audiences engage with content in distinct ways, raise their

own kinds of concerns, and require tailored language depending on

the platform or group. These insights help design communication

strategies that align with specific audiences and reveal the potential

impact of interventions.

For instance, E11 described how analysing misconceptions in

vaccine-related discourses allowed them to use social media to “build

some level of resilience [towards vaccines].” They explained that they
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distribute factual information based on what “people at the commu-

nity level” understand. This suggests that experts viewed social me-

dia discourses as a way to identify and filter communities and to

design intentional communication strategies with greater impact.

Experts also emphasised the importance of platform-specific dy-

namics. Communication strategies on Facebook differ from those on

Twitter or Instagram. For instance, experts used ongoing monitoring

of public discourses to inform the tone, framing, and timing of their

intervention messages. This shows that understanding audiences is

not just about analysing content from discourses alone, but also re-

quires attention to external factors. These factors include demograph-

ics, language and platform norms that inform the design of effective

public communication.

Experts highlighted that community-building is also part of a

strategic approach. This approach will focus on maintaining formu-

lated communities that require them to understand and address their

needs. This involves actively monitoring discourses as a form of feed-

back that guides decision-making actions. E6 described this approach

as “building community [...] and to monitor the conversations about

your products to gather feedback and insights.”

E2 similarly highlighted the use of social media for sustaining en-

gagement and promoting brand advocacy. They explained:

“There’s a way you could use social media to create buzz

and excitement about the new product launch and also

engage with customers and create a community to foster

loyalty and advocacy.”

These practices show that understanding audiences involves more

than observing social media discourses. It requires careful interpreta-

tion to maintain relationships and build trust through responsive and

intentional communication.

Responding to crisis and managing misinformation

Experts described how actively monitoring social media discourses

is critical for managing crises. This is relevant in cases of misinfor-
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mation that can potentially undermine public trust or compromise a

reputable organisation.

The following details some examples of how proactive observation

of social media discourses supports timely responses to mitigate po-

tential negative impacts on an organisation or entity. For instance, E11

described this in the context of widespread vaccine hesitancy during

the COVID-19 rollout caused by misinformation:

“When you see some propaganda coming out from social

media [...] that this vaccine causes this and that, which is

all misinformation. And as a result, people tend to become

sceptical [...] it’s not only affecting COVID-19 vaccine up-

take but also other routine immunisations that we’ve been

doing.”

Their response involved a culturally grounded investigation into

the reasons behind the propaganda:

“Once we identified the reason, we realised we need to use

the traditional rulers to speak to them, we need to engage

the religious leaders [...] to let them [the public that is

against vaccination] know that this is a normal routine

immunisation.”

Through the analysis of social media discourses, they were able to

design strategies that communicated messages in ways that resonated

with local values and beliefs. This shows how experts analyse social

media discourses to identify the factors driving opinions shaped by

misinformation and use these insights to develop more effective crisis

interventions.

On the other hand, E9 described a continuous approach to mon-

itoring social media aimed at anticipating potential crises. They ex-

plained that their responsibilities include:

“Tracking biomedical incidents in Japan and using social

media discourses to identify emerging ethical concerns be-

fore they escalate”
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This proactive practice demonstrates that social media supports re-

sponses to immediate crises and also guides preventive strategies by

enabling the early identification of emerging issues.

Using public signals as evidence for reporting and policy shaping

In more formal contexts, experts analyse social media discourses to

inform reporting and guide policymaking. These analyses generate

evidence that supports decisions by government agencies or organ-

isational leadership. For instance, E10 described how they monitor

multiple platforms to compile reports that facilitate government agen-

cies in designing appropriate interventions:

“Based on the [analysed] narratives, I create reports allow-

ing the governmental agencies to create interventions [...]

in the context of any emergencies or events happening

around the countries.”

Similarly, E7 explained that the organisation uses the analysis of so-

cial media discourse as part of an approach for performing “internal

assessments”. Insights from public trends then guide the adaptation

of company policies and strategic decisions, directly influencing oper-

ational practices. In these cases, insights from social media discourses

inform the development of organisational policies.

theme 2 : guiding factors in decision-making

When experts described their workflows, from data aggregation and

analysis to creating roadmaps, plans, and management strategies,

they outlined several factors they analysed from social media dis-

courses that guided their decisions. These factors can be grouped into

three complementary types:

1. Direct indicators from platforms, which are quantifiable signals

obtained from social media. These include performance metrics

such as likes, shares, comments, and reach, as well as audience

characteristics like age, gender, and profession.



7.3 findings 167

2. Interpretive insights from discourses, including qualitative un-

derstanding and subjective assessments of ongoing discourses.

3. Situational and contextual dependence, reflecting decisions

shaped by broader organisational goals and stakeholder expec-

tations.

Direct indicators from platforms

The integration of statistical analysis into decision-making processes

was a consistent guiding factor across experts’ workflows. They rou-

tinely used quantifiable signals from social media platforms to inform

and validate strategic choices.

These indicators are fundamental for experts working in marketing,

where activities include planning campaigns, creating content, and

engaging with audiences to promote a product, service, or brand. Key

metrics included engagement rates (e. g., likes, shares, comments), fol-

lower growth, reach, and longitudinal content performance. These

metrics serve both as evidence to support decisions and as a way to

evaluate the effectiveness of strategies over time. E6 described how

these metrics directly informed decision-making for immediate ac-

tions and longer-term strategic directions:

“[We] analyse the impression and the views and make

sure that OK, it’s meeting the standard and making sure

that [...] we understand what works for us and then what

drives more crowd and more prospects to our business.”

Here, impressions indicate active attention or engagement, while

views refer to the number of times content is displayed to the audi-

ence. Similarly, E5 explained how these performance metrics guided

adaptive decisions for interactive strategies:

“When we noticed that our stories [a method of content

posting on Instagram] lacked interactivity, [statistics from

the platform indicated that] people saw the content but

didn’t engage with it. [These direct indicative observa-

tions led us to] Adding polls with direct questions like
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‘Do you want this product to continue?’ boosted engage-

ment by 20 per cent.”

In this context, polls are interactive components on social media

platforms that allow audiences to vote on a question posed by the

expert to gather immediate feedback on preferences and engagement.

These examples demonstrate that direct indicators do support ex-

perts when modifying their strategies as a form of response to au-

dience behaviour. They can increase engagement and ensure their

content resonates with the intended audience by using performance

metrics as a guiding factor for decisions around marketing strategies

Audience characteristics also allowed experts to segment their strat-

egy according to audiences’ demographics, including age, gender,

and profession. This segmentation was cross-mentioned multiple

times across the study as highly relevant for refining strategies and

tailoring communication to specific groups. Experts further explained

that these insights guided adjustments to marketing content and de-

livery, as E3 noted:

“Demographics matter. A message that resonates with

18–25-year-olds might not work for a 40–55 demographic.

Men and women, even within the same age range, inter-

pret and respond to content differently. We also look at

professions to understand patterns of engagement.”

These suggest that demographic differentiation would facilitate ex-

perts in adjusting strategies according to each audience segment for

improving the relevance of their decisions.

Interpreting insights from discourses

While direct indicators provide measurable and immediate signals,

experts also discussed the importance of interpreting social media

discourses for qualitative insights. This process involves analysing

sentiment, tone, and information on discourses to identify emerging

narratives, shifting opinions, and broader public concerns.
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Within these, experts also keep track of simpler signals, such as

mentions, hashtags, and key phrases, which can indicate shifts in

public interest or concern. These interpretive practices complement

quantitative metrics and directly guide decision-making by highlight-

ing areas that require strategic attention or intervention. For example,

E9 described their workflow for exploring public understanding and

perceptions of organ donation:

“We first check very general terms like organ donation.

What do people understand about the medical aspects of

it? When problems arise, what kind of problems are they?

If they don’t want to donate, usually, why not? Those can

be very subjective decisions, but also objective; it depends.

It’s a broad approach to try to understand what people

think about organ donation, how it’s done, and why they

would or wouldn’t do it. After that, we start doing more

specific analysis.”

This example demonstrates how qualitative signals provide con-

text that informs and shapes subsequent decisions in the expert’s

workflow. Similarly, E10 described tracking narratives and sentiment

around specific keywords to anticipate public reactions and guide

strategic responses:

“I pay attention to the narratives and sentiments among

the users in the context of particular keywords or key

phrases, and based on those phrases regarding known

topics. For instance, for vaccines, the pandemic, flooding,

or even sports events or concerts. Based on that, I [...] re-

search on their sentiment, is it growing or going down,

depending on the situation.”

By tracking shifts in sentiment and narratives around specific top-

ics, experts can adjust their decisions on the appropriate strategies for

responding to emerging concerns or events. E11 highlighted the im-

portance of monitoring narratives and sentiment during the COVID-

19 vaccine rollout:
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“The information we were getting during the COVID-19

vaccine rollout was filled with claims like ‘this vaccine

kills,’ produced by unreliable sources. To tackle this ac-

cordingly, [...] we organised strategies to counter these

myths and build resilience to such misinformation.”

Experts also emphasised the value of analysing discourses to sup-

port interpretation for strategic purposes, including community en-

gagement, marketing, and product refinement. For instance, E2 de-

scribed how these insights inform decisions about community build-

ing, audience engagement, and competitive positioning:

“We use social media insights to create buzz and excite-

ment about the new product launches, engage with cus-

tomers, foster loyalty and advocacy for the products and

build communities. Feedback from these [social media dis-

courses] reveals competitive areas about the product, [in-

form] how our products can be better or can be made

known to people, and what other products aren’t doing

that we could do. You know, I make the product a bit dif-

ferent from what is out there already.”

Overall, qualitative interpretation encourages experts to move fur-

ther than just quantitative metrics and uncover insights that directly

inform actionable decisions. Analysing social media discourses al-

lows them to identify emerging concerns, refine strategies, and make

decisions that are contextually relevant to real-time discussion. In con-

trast to direct indicators, these interpretive insights provide a deeper

level of reasoning that informs and corroborates expert decision-

making.

Situational and contextual dependence

Although social media discourses provide valuable insights, experts

emphasised that these analyses constitute only one component of a

broader decision-making process. Insights from social media must be
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interpreted in conjunction with institutional, situational, and contex-

tual factors to support strategically aligned decisions.

In practice, analysing social media discourse provides an initial

overview. Experts then complement these insights with additional

methods such as surveys, interviews, or field studies to develop a

more in-depth understanding before making decisions. For instance,

during politically sensitive product launches, E8 highlighted the lim-

itations of relying solely on public social media monitoring:

“Not everybody is comfortable expressing themselves on

social media. [...] So you have to look for the spoken words

and the unspoken words.”

They explained that in certain cultural contexts, members of the

public may be reluctant to express criticism openly:

“People don’t always feel safe giving criticism online.

Sometimes it’s the body language or their language tone

that says more than the words. You have to read between

the lines [during interviews] to understand what people

think.”

These cases demonstrate that social media discourses provide only

a partial perspective on public opinion. E9 similarly noted that so-

cial media alone cannot capture all perspectives necessary to inform

their decisions. To obtain more accurate and targeted information to

guide decision-making, they rely on controlled studies and experi-

ments. This means that, after an initial analysis of social media dis-

courses, supplementary methods such as surveys or direct interviews

typically follow to gather more targeted information tailored to spe-

cific objectives. This iterative approach demonstrates that experts fre-

quently need to integrate discourse-level insights with supplementary

insights required to refine their understanding for decision-making.
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theme 3 : navigating social media discourses

Social media platforms generate an overwhelming volume of dis-

course each day. Experts tasked with interpreting these discourses

face challenges in making sense of the fast-moving and ambiguous

nature of social media.

This section presents an overview of how experts navigate this

space and translates their practices into insights relevant to decision-

making workflows. Findings are organised into two main categories:

(1) manual exploration and (2) automated analysis. Although de-

scribed separately, experts frequently combined these approaches

within their workflows and adapted them to meet specific analytical

needs.

Manual exploration

This is commonly used for exploratory analysis. Experts rely on them

when engaging with unfamiliar topics or looking to understand the

cultural context and underlying dynamics of a discourse.

In this type of navigation, experts begin by using platform fea-

tures such as trending topics, hashtags, keywords, and brand men-

tions to identify discourses relevant to their analysis and decision-

making. They then review the filtered discourses to obtain relevant

guiding factors for their decisions. For instance, E9 described how

they strategically curated a Twitter account to focus on credible and

topic-specific content relevant to their research:

“What we did was to train one of my accounts to recog-

nise that kind of content [...] and then it automatically was

recommending me more similar content [...] so it’s cre-

ated for expertise topics from, for example, newspapers.

A more credible resource, right? But also a resource that a

lot of people read [i. e., reputable articles]. So, that is like

my starting point sometimes to find, ‘oh, they are talking

about [this], and [that] has organ donation in it,’ or maybe
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in cases where a hospital is doing advances on something

related to tissue donation.”

They further explained how this guided their exploratory research:

“It’s again exploratory work, so I have a rough idea only

at first what we could be checking on. We then download

that data sample and perform a quick analysis of OK. Is

it truly what we are looking for? And if it is, well, we con-

tinue a little bit more in-depth. If it’s not, then we change

some settings or maybe even keywords. Then again, we

perform an analysis on it.”

Similarly, E8 relied on real-time observation of trending topics and

hashtags to track emerging issues:

“I follow so many [key opinion leaders] to know what is

going on [...] every day has its hashtag [...] So I just go to

social media, look at the current trend and pattern [..] you

just have to follow the hashtag [and it] will lead you to

what is currently going on.”

At times, manual processes were informed by established frame-

works. E10 described how they built a custom taxonomy based on

World Health Organisation (WHO) guidelines. They adapted it to

specific cultural and linguistic contexts, such as youth language or re-

gional dialects. Although coding them thematically remained manual,

the taxonomy gave a consistent structure for navigating their analy-

sis. These examples highlight the limitations of manual exploration,

as it requires repeated engagement with social media discourses to

generate insights for decision-making.

Adopting existing automated or software tools

While manual exploration is effective for small-scale analysis, experts

turn to automated tools for managing large-scale or time-sensitive so-

cial media data. Automated tools support faster analysis and reduce

cognitive load when navigating complex social media discourses. We
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categorised them into three types: (1) AI tools, (2) social media moni-

toring and management tools, and (3) data analytics platforms.

The use of AI tools such as ChatGPT, DeepSeek, and Claude was fre-

quently mentioned by experts to automate social media content cate-

gorisation, summarisation, and interpretation analysis. E6 explained

that they used ChatGPT to evaluate their strategies with a focus on

analysing sentiment and addressing potential biases:

“We use ChatGPT to understand the sentiments [...], and

to really improve on our content structures [...] for making

sure that we are not producing biased content, we use it to

improve on that aspect and understand the needs of our

customers.”

E7 reported using internal AI-based tools to summarise discourses

at scale:

“We have internal tools that work for getting all the em-

ployees’ public discussions, and company internal meet-

ings’ transcripts to rationalise and summarise the content

[for analysis].”

Besides, the use of social media monitoring and listening tools

was described to manage more than one social media account of an

organisation. Commonly mentioned are Sprout Social, Sendible, Brand-

watch, Brand24, CrowdTangle and Google Trends. These commercial plat-

forms were mentioned as they facilitated experts in their current mul-

tiple processes involved in decision-making. These processes range

from engagement tracking, data collection, sentiment analysis, brand

monitoring, to the identification of emerging trends. For instance, E6

explained how Sprout Social supported their content strategy:

“We’re able to [use them to] differentiate between the pos-

itive and the negative [discourses] and in the long run,

we’re able to understand the needs of our prospect.”

E5 highlighted the tools’ role in evaluating marketing performance

as “it helped to compile those engagement details and the metrics.”
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They used these insights to assess how their campaign strategies were

performing and adapt their decisions for real-time adjustments.

However, experts also mentioned that the selection of which tool

to use can vary based on different goals. E10 explained that choos-

ing between Brand24, CrowdTangle, or Google Trends depended on the

communication channel and audience:

“Different communities use different social media and dif-

ferent ways of communication [...] so most of the time we

adopt [different] tools that are designed for that source of

communication.”

E1 highlighted Sendible’s role in simplifying multi-platform man-

agement:

“It helps you connect all your social media accounts [...] it

tracks your social media metrics and algorithm. It kind of

helps to know which posts are related.”

E3 described using Google Trends to integrate demographic and re-

gional insights into their workflow for monitoring global issues. They

explained, “[to identify] what’s happening all around the world,”

tracking regional trends and public sentiment. They provided the ex-

ample of immigration debates:

“Let’s say right now we’re talking about immigration in

the [COUNTRY], and not everybody appreciates what

[PERSON] is doing there. But there are also lots of people

who support it [...] We’re trying to look at the demograph-

ics and see how many people are talking about a particu-

lar topic [...] that’s [constantly] evolving at that point, to

help inform our decisions.”

While these tools primarily support exploratory analysis or pro-

vide statistical insights, other tools, such as Hootsuite, focus on man-

agement tasks. This helps experts efficiently coordinate content and

monitor multiple platforms. The summarisation of how these tools
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demonstrate how experts use automation within the analysis process

to navigate social media and make informed decisions.

Data analytics platforms

Data analytics platforms allow experts to conduct more specific and

refined analyses tailored to specific goals. While social media tools

provide real-time trends and sentiment, platforms such as Excel,

Google Analytics, and IBM Statistical Analysis offer greater flexibility

for structuring, managing, and visualising data. These platforms are

useful in cases where experts want to revisit datasets, track long-term

patterns, and generate customised statistical insights. E8 explained

the value of such platforms in their workflow:

“It helps when everything is arranged in Excel. If I need to

extract a particular piece of data or a specific figure, I just

go there. And if I need to improve on it, I use it for that

too.”

This demonstrates the role of analytics platforms in enabling flexi-

ble and detailed decision-making.

theme 4 : limitations of current approaches in work-

flows

Concerns about data-related issues, such as data overload (E4), over-

whelming (E1), time-consuming (E9) nature of qualitative analysis. De-

pending on context, experts noted that they have flexibility when

things can afford more time for accurate analysis, but there are also

times when these are time-sensitive. Expert also struggled with mis-

leading metrics:

“The biggest challenge you have is misleading data be-

cause in the social media space, there are times when your

posts are trending for the wrong reasons. A post may re-

ceive a lot of engagement, comments, and interactions, but
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the attention could be driven by negative reactions or crit-

icism. The challenge is to distinguish the positive signals

from the negative ones.”

Using an automated approach still requires a lot of corrective ef-

fort from humans due to discrepancies in those results (E6) provided

from different tools. Concerns about the capabilities of these existing

tools, such as the lack of predictive capabilities (E7) for forward-looking

insights to support proactive decision-making or limitation of integra-

tion platforms(E7). E7 that uses an internally developed tool noted:

“Compared with other software, currently it has only been

integrated well with [a specific platform], and we cannot

work it out with other social media platforms like X, Insta-

gram or some of the conversation part.”

One of the challenges raised relates to the lack of real-time data

collection, which limits the ability to detect issues early and respond

promptly. As E11 noted, “you don’t get to know about the impact ear-

lier[...] until it is deep into your data,” explaining that their current

process involves collecting and analysing data every month. For in-

stance, in monitoring vaccine uptake, insightful details only emerge

at the end of the month, delaying opportunities for timely interven-

tion.

The lack of qualitative analysis to support investigation. E5 de-

scribed the limitations of existing tools that only look at the statistical

numerical aspects of social media and lack contextual understanding:

“Rather than just focusing on the numeric aspects [...]

should be able to identify [...] towards the sentimental as-

pects of [comments] that are positive, and the ones that

are negative.”

They further explained:

“We have to go back and start digging deep to find out

the origin of the problem [...] we try to get feedback from
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people and also we look into some of the comments [...]

and compare [...] we still need an upgrade to be able to

get to those problems faster.”

Meaning that manually investigating these comments and gather-

ing user feedback to trace issues is challenging and exciting. The state

of their current tool lacks this supportive mechanism to help trace the

origin or cause of negative virality. E9 noted that qualitative analysis

yields more valuable insights when dealing with less frequent but

more contextually dependent disocourses:

“For example, with body donation, there’s much less con-

tent available, but it’s often much closer to what we’re try-

ing to understand. Although the volume is low, the con-

tent tends to be more valuable because it involves medical

collaborators and people directly connected to the topic.

In contrast, organ donation is more organised [...] So, the

perspective can feel more distant. With body donation, it’s

often a very close, personal experience [...] In these cases,

qualitative analysis is necessary, but it’s also more time-

consuming to do manually.”

In addition, experts stressed the accessibility around cost, usability,

and learning curves required to use automated and software tools.

E8: “If I don’t pay for some of these tools, I might not have access to

them.” E2 raised the affordability concern for small businesses:

“Some of these tools can be expensive, you know, espe-

cially for a small business that’s trying to start up, and

you want to go for a large market to push a product, it

would shake budgets and cause discomfort.”

They further noted the steep learning curve required to adapt these

tools as “some tools are difficult to learn and you know it requires

some kind of training.” E10 explained the lack of accessibility open

for researchers as a challenge of how these tools are becoming more

and more difficult or unstable to access:
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“CrowdTangle going down because Meta (formerly Face-

book) decided to end that support and they are not sharing

at all for free now or for the open public with that access to

a API and you can’t use that anymore [...] then the same is

regarding the Twitter portal where Twitter before granted

access to researchers, even for free or with small amounts

to be in a position to check the narratives and sentiment

and research that now it’s all paid or behind the special

requirements and and it’s not that easy to use it anymore.”

Apart from these, the inclusivity of these tools still lacks consider-

ation of broader languages and cultures. For instance, E9 noted that

tools developed in one setting might not apply to another setting

because societal challenges are different according to the countries’

dynamics:

“There are so many things that weren’t taken into consid-

eration [...] we have over 300 languages. So imagine you’re

trying to conduct an analysis [...] it’s impossible for me to

learn all languages and cultural contexts.”

When it comes to adopting the use of tools with AI, it is not unfa-

miliar that the research communities are still making efforts around

trust and ethical concerns. Hence, it was no surprise that this was

raised similarly when experts mentioned that they still lack confi-

dence in trusting AI systems. Working in medical research, which

deals with sensitive data, E9 noted:

“I don’t use AI [...] Because it consumes a lot of resources

and energy, and also it’s trained according to its bias. It’s

very exploitative from what I know. There are a lot ques-

tions as to how it is trained and also the algorithms they

have make it a black box. It’s very unclear how they work

[...] it’s highly unreliable.”

E2 noted their primary concerns: “AI makes work faster, and re-

duces complexity [but] collecting and storing sensitive customer data
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can also raise privacy concerns.” These limitations reflect experts’

perception of the current methods adopted in their workflow for

analysing social media discourses to support decision-making. Some

directly relate to the interactive design of DiscourseDash, while others

point to broader considerations for the development of future tools.

7.3.2 Perceptions during expert’s interactive experience with Dis-

courseDash

The findings in this section address RQ1, focusing on how experts

perceive and interact with a dashboard tool that provides a Detailed

Analysis with discourse-level analysis to support informed decision-

making. Building on the analysis of experts’ workflows, this section

explores their perceptions of DiscourseDash. We explore experts’ inter-

actions with DiscourseDash, assessing alignment with their practices,

support for analysis and decision-making, and opportunities for im-

provement.

theme 1 : supports the balancing of time and effort to

allocate priorities

The Overview was described as helping experts make split-second de-

cisions about which issues required immediate attention (E6). Experts

emphasised prioritising social media topics based on their potential

harm regarding brand damage or public response. Identifying and

addressing harmful content emerged as a key requirement for sup-

porting timely and effective decisions. E5 illustrated how a harmful-

ness indicator can support resource allocation across issues of varying

severity:

“The more harmful ones might bring down your brand

very fast [...] so when making decisions, we prioritise

those with high impact first, and the ones with low to
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medium effect come after. We can’t prioritise [topics] that

are less likely to have a harmful effect on the brand.”

This illustrates how the harmfulness indicator actively supports op-

erational decision-making for risk management, prioritisation, and

balancing resources. Even when harmful topics lack immediate solu-

tions, experts noted they can still be prioritised due to their potential

to escalate quickly. This allows organisations to balance resources be-

tween urgent threats and less harmful, manageable topics.

Another important point mentioned by experts is that it would be

better to determine relevancy and response strategies if the overview

of Popularity Over Time was coupled with temporal dynamics. Having

this feature could support experts in distinguishing short-term atten-

tion spikes from longer conversations that may signal more serious

or lasting public concerns. E4 described how understanding a topic’s

virality can guide prioritisation by revealing its current and potential

reach:

“It’s important to know what is in virality at the moment

[...] to know the range. OK, is it just a temporary thing?

Is it something that has been going on, getting more audi-

ence over time, or is it just [...] a momentary buzz? After

knowing that, whatever is trending becomes very impor-

tant.”

This illustrated how tracking the momentum of virality helps ex-

perts make decisions about whether a topic needs immediate action

or further monitoring. Similarly, E3 highlighted topic longevity as an

indicator of importance and engagement:

“If the topic is well spoken about, definitely we’ll have to

check the time at which people have been talking about it.

Some topics just come, and in 10 minutes they’re out [...]

but topics that last for days, those are the ones we check

out.”
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Experts perceived this feature as useful for filtering noise and fo-

cusing on persistent topics that may signal long-term risks. These

demonstrate how our proposed analytical features are valuable for

helping experts strategically allocate attention and resources to high-

priority issues.

theme 2 : monitoring public discourses supports tar-

geted interventions

Experts highlighted how DiscourseDash can support them in monitor-

ing social media discourses for supporting timely decision-making

in their domains. They perceived it as more than just a monitoring

tool. They mentioned how it could also support the development and

adjustment of relevant interventions. For instance, E1 stressed the im-

portance of public stance over personal opinion:

“I won’t be the one to decide if my products are what the

market needs. It’s actually people’s opinion that matters,

not mine.”

Similarly, E4 described how sentiment analysis supports decision-

making by revealing public preference as “[It] helps to know how

people are leaning towards whatever is going on. What decisions are

they making?” Building on this, E7 describes how employees’ discus-

sions, such as debates around remote work, can inform the changes

within internal strategies and workplace policies:

“If there’s a topic, there’s really a heated argument about

the work hours for us in the corporate setting [...] we’ll

align a lot of [workplace] strategies and probably poli-

cies accordingly [...] and redesign our workflow setting

[...] and align those benefits as well.”

Besides, DiscourseDash was seen as relevant for tracking sentiment

shifts and evolving narratives, which are important for timely inter-

ventions. E2 described how the tool could help anticipate responses
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to vaccination campaign sentiment by analysing discourse across key

demographic groups before and after campaign announcements:

“Before even the information about the second dose was

released to the public, I would just search the media [...]

for the narratives and then based on that, for the senti-

ment [...] and then trace the same keywords [...] How the

narratives and sentiment change over time.”

They further explained how this process would unfold through dif-

ferent stages of the campaign:

“From the time before the second dose information was

even released, I would already be monitoring how the

public was discussing it. Then, once the information be-

came public, I would observe how anti-vaccine groups in-

troduced their narratives and how different age groups or

community segments reacted. I would continue tracking

this over time, during the rollout of the intervention and

afterwards, to understand how narratives and sentiments

evolve within specific age groups or community groups.”

This demonstrates how the expert’s workflow aligns with the de-

sign of Trending Topics and Sentiment Distribution. These analytical fea-

tures were perceived as helpful in informing appropriate strategies

for public health messaging that address emerging concerns or mis-

conceptions. They further noted that this kind of analysis not only

supports immediate responses but also long-term planning:

“Based on [Trending Topics & Popularity Over Time], it is

now possible to create interventions for current goals. But

it’s also important for the next time, for future doses or

other vaccines. How do we prepare communities, espe-

cially vulnerable ones, to accept the doses? Or maintain

a positive response? If one community responds well ac-

cording to Sentiment Distribution, there’s an opportunity

to study what makes them different.”
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Experts explained how the tool can inform future strategies

and help tailor responses to different communities more effectively

by analysing the outcomes of initial interventions through Dis-

courseDash’s outputs. Apart from health contexts, experts also high-

lighted how harmfulness labels support strategic communication. For

instance, E6 described: “I’ll be able to determine how to mitigate the

harmfulness of the content and make sure I’m marketing to the right

people. Because if you’re marketing to the wrong people, it can actu-

ally increase the harmfulness of engagements.”

theme 3 : re-emphasis on the need for tools to provide

quantitative aspects beyond statistical visuals

Before navigating to Detailed Analysis, a key finding from our inter-

views was the consistent need amongst experts to move further than

just summary metrics. This means allowing the navigation towards

underlying discourses that drove these public responses. This need

was expressed even before participants were introduced to the De-

tailed Analysis feature in DiscourseDash, which allows for deeper in-

vestigation of filtered conversations.

This emphasis on qualitative analysis validates our design decision

to include capabilities of detailed analysis from the discourse per-

spective in DiscourseDash, emphasising a broader gap in existing an-

alytic tools. As E7 noted, while the visual distribution of data points

met their expectations, they also highlighted the challenge of bridg-

ing qualitative insights with quantitative analysis, emphasising that

“there’s a need for us to translate qualitative data into measurable

terms.”

We observed a similar pattern to when experts describe the limita-

tions of their current workflow. They repeatedly noted that high-level

statistical indicators are only sufficient to an extent. To further under-

stand public sentiment, experts need to trace these high-level analyses

back to the underlying conversations. For instance E1 explained:



7.3 findings 185

“You have to understand if you’re actually doing better

this week or you’re not doing so well. You have to know

the cause. This would actually help you strategise your

next move.”

Similarly, E5 stressed that identifying general trends is not enough:

“We need something specific [...] we need to put ourselves in their

shoes, so we need to get exactly what the problem is.” To highlight the

need for this in experts’ workflow, E8 elaborated on how qualitative

analysis fits into their decision-making process:

“After the employer has [...] looked through the charts,

looked through the engagement and all that, the person

wants to read why people don’t like this particular ser-

vice.”

These insights reveal the complexity of how experts interpret social

media discourses, not only through metrics but by understanding

narrative shifts and contextual factors. Current tools prioritise scale

over interpretation of discourses, leaving a gap in addressing these

needs. DiscourseDash was designed to bridge this gap by providing

qualitative insights.

In the next theme, we examine how experts perceived and aligned

the Detailed Analysis of discourses with their existing workflows after

it was introduced. We explore how DiscourseDash’s ability to select

topics, filter conversations, and view automatically labelled stances

and sentiments aligns with their needs for understanding of public

responses.

theme 4 : the conceptual idea to provide a detailed

analysis of discourses aligns with expert practices

The ability to investigate not only what is happening in public dis-

course but also why remains a key limitation in many current ana-

lytical tools. Before introducing DiscourseDash’s Detailed Analysis, ex-

perts consistently emphasised the need for qualitative insights. One
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key need was to contextualise the underlying drivers of patterns ob-

served in visual analytics.

This need directly informed our interactive design and reinforces

its relevance. Following our introduction of the Detailed Analysis page,

experts acknowledged that it not only aligned with their current in-

vestigative practices, but also addressed their previous limitations.

For instance, E1 described how being able to access actual social me-

dia conversations with structured sentiment and stance labels sup-

ports interpretation efforts:

“Having to know words, months, people talk more about

the product and the reason why it’s trending and also why

people talk negatively about it [...] kind of gives you a

heads up to know what’s coming [...] and I can choose to

know why people go against the product and how many

percent of the people going against the product.”

Here, unfolding analysis on a discourse level becomes a means of

rationalising decisions. This allows experts to stay ahead of emerging

risks. E2 expanded on this by noting how the combination of stance

and sentiment dimensions supports their understanding of public

sentiments:

“[It] would really work well because [...] it gives you a first-

hand degree of information about these topics. You know,

involving the intensity of these emotions and understand-

ing our public opinion and sentiments.”

These granular details from the fast-moving discursive nature of

conversation were perceived as relevant for staying aware of the

depth of emotion in situations. Besides, E5 directly pointed out how

this type of analysis on discourses is lacking in their current work-

flow:

“I was talking about the discourse earlier because I haven’t

even seen it before [...] we need to get to the root of the
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problem. We need to read what people are saying, their

experiences, their concerns.”

For these experts, it’s important to unfold public voices to make

sense of trends, controversies, or misinformation. Similarly, E6 dis-

cussed that when a potentially harmful topic begins trending, they

would investigate the replies alongside stance and sentiment indica-

tors for a more elaborate examination:

“If something is very harmful, I want to understand what

people meant by that, I want to see the replies, I want to

see their stance [...] analysing those replies helps us un-

derstand if more [on why] people are ‘for’ or ‘against’ the

product. That knowledge helps us get better at delivering

to customers.”

These signals were valued for providing evidence of real-world im-

pact and public investment on a topic. Apart from reactive monitor-

ing, experts picture using it for strategic applications. E4 reflected on

how these discourse-level analyses could inform long-term planning:

“We can [use this feature to] shape a general view of how

people are thinking [...] and we can redefine our products

and services to better align with their readiness.”

With that said, the tool was perceived as supportive for experts to

forecast what might be upcoming and prepare for it. As they elabo-

rated further, they drew on examples from trade policy and climate

initiatives to describe how DiscourseDash could support anticipating

future developments and informing strategic planning. In healthcare,

experts noted that understanding public beliefs, hesitations, and mo-

tivations was key to designing effective interventions. As E8 reflected

on the importance of presenting these justifications through Detailed

Analysis:

“These are people’s opinions. These are people’s thoughts.

It’s important for those providing services to know what
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people think about what they want to present [...] What

are the fears, the sentiments, reasons why they do or don’t

engage.”

Rather than relying on abstract metrics, they valued analytic tools

that support the process of unfolding the public concerns and expe-

riences. In addition, experts also noted that this interpretive depth

supported their ability to shape responsive actions. As E11 explained

that attaching sentiment analysis in a discourse context format can

directly support timely decision-making:

“Having seen this, this is how we will strategise [...] If the

sentiment distribution is highly negative, we restart the

system [...] we can bring in some interventions to get peo-

ple to accept [vaccines].”

In these demonstrations, qualitative insights functioned as inputs

to human efforts in investigation and planning. Across domains, ex-

perts valued the distinct concept of DiscourseDash for supporting their

reasoning and investigative judgment.

theme 5 : misalignments with existing analytical prac-

tices

Experts consistently highlighted missing key features essential to

their daily workflows, revealing gaps in our initial design that are

crucial for aligning with established practices. Addressing these mis-

alignments will guide iterative refinement to better fit real-world or-

ganisational needs and sociotechnical contexts.

A frequently raised gap was the ability to filter demographics of

analysed discourses. Targeted demographic details such as age, loca-

tion, language, and behaviour are central for tailoring strategies and

contextualising sentiment. For instance, healthcare experts have em-

phasised the importance of segmentation in designing interventions

for specific audiences. E10 explained:
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“It would be nice to filter by, say, 30–45-year-old mothers

in [country] [...] so I could create specific reports and track

changes over time for preparedness and response.”

Experts also noted the absence of hashtag analysis, which is im-

portant for monitoring trends since hashtags usually serve as entry

points into the overwhelming volume of discourses.

Experts described the current sentiment analysis as too abstract

for decision-making. Instead of just positive, negative, or neutral cat-

egories, they needed more in-depth insights into emotional intensity.

E2 explained this through an analogy:

“Imagine giving a child a biscuit. If the child doesn’t want

the biscuit and is forced to take it, that’s not the same as

the child eagerly accepting the biscuit.”

This analogy illustrates the importance of understanding whether

someone’s emotion or reaction is genuine. To measure this, the ex-

pert suggests using a graph to visualise the intensity of emotions.

For instance, a graph could show that 70 per cent of people strongly

support an idea, while 20 per cent only somewhat support it. They

suggest allowing for a more accurate representation of how deeply

people feel about a topic of discourse. Similarly, E7 noted that they:

“Need to understand the degree of how much people are

engaged, how strong the negativity is. That helps us dig

into the intensity of how people feel about certain things.”

For instance, adding a ‘confused’ category to capture people who

are undecided or unsure, which is crucial in public health contexts

like vaccine uptake (E8). Tracking sentiment over time was also em-

phasised as crucial for responsive interventions. E10 noted:

“Without that information, you can’t build any future

response or interventions because you don’t know the

changes [of sentiments] over time.”
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Experts also called for better contextual and cultural relevance.

Large data volumes are less useful without alignment to specific con-

texts that are relevant to their decisions. Filters and indicators need to

be extended for regions with diverse dialects or sensitive cultural en-

vironments. Some research experts preferred manual, qualitative in-

terpretation over automated tools, arguing that qualitative categories

must emerge through human evaluation. E9 explained:

“Every research is different and embedded in a cultural

context that is very specific [...] We have had to make the

categories [analysis aspects] ourselves [...] these kinds of

tools cannot give you that flexibility.”

This reflects a broader gap in the current analytical tools’ ability to

support experts conducting targeted or high-stakes social media anal-

ysis. Although this theme has identified specific misalignments with

existing analytical practices, it reveals a broader tension in design-

ing a tool to balance specialised functionality for expert workflows

with general non-expert users. The importance of HCI considerations

in mediating between automated outputs and diverse user require-

ments is emphasised when these misalignments highlight certain ex-

pert needs that general users did not address or may contrast. The

implications of this tension are explored further in Chapter 8.

7.3.3 Expert’s reflection regarding to DiscourseDash’s real-world applica-

bility

The findings in this section address RQ3 about the key design impli-

cations that guide future iterations of DiscourseDash and enhancing

its support for decision-making across different professional contexts.

Experts’ overall reflections provided insights into the practical inte-

gration of the tool, including adoption barriers, use cases, and recom-

mendations for achieving real-world relevance of the design.
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theme 1 : practical applications identified by experts

Experts reflected on how DiscourseDash could support their or their

organisation’s decision-making by fitting into existing workflows for

monitoring conversations, informing strategies, and responding to

emerging issues.

Monitoring real-time discussions

Experts emphasised DiscourseDash’s value in unfolding emerging con-

versations and reducing manual effort across platforms. This sup-

ports early detection of sentiment shifts and discourse attention for

preventative actions before narratives spread. For brand or campaign

monitoring, it was viewed as a diagnostic tool for detecting timely

matters. As E6 described:

“[I] need to know why people are talking [negatively]

about [my brand], so if we realise it’s the price, that way

we can try to [fix it quickly]. If you don’t know exactly

the problem, it’s gonna take a longer time before it comes

to a solution. So [DiscourseDash] is gonna help us get to

the root of the problem, help us find the starting point to

solve these problems.”

These reflections showed experts perceived DiscourseDash as sup-

porting strategic analysis, moving from statistical monitoring to un-

derstanding the drivers behind public discourses. Assessing whether

trends are relevant or spreading across platforms was crucial for de-

termining response scale and urgency. In journalism and media plan-

ning, experts envisioned using DiscourseDash to align content strate-

gies with public attention in real time. E4 described:

“So I put up the date [to compare] pre-Grammy to after

Grammy [...] it gives me the summary and brings out the

keywords [...] the sentiment if it’s +1 the charts will show

this particular reading [...] I get to know the number of



192 an interview study with industry experts

people engaging with that particular topic at a particular

set time, it just makes life easy for me.”

Rather than relying on assumptions about audience interest, ex-

perts perceive DiscourseDash in helping them navigate discourses

with informative analyses that are relevant to their workflow. Across

domains, they highlighted how the tool helps identify when conver-

sations start, gain momentum, and why public attention shifts. These

insights were perceived as valuable for staying informed and making

rapid decisions in fast-paced settings.

Informed decision-making around planning and evaluations

Experts noted that DiscourseDash could support planning and evalu-

ation throughout an intervention, not just at the start. Instead of one-

time decisions, DiscourseDash would facilitate flexible management

of ongoing processes. These processes involve refined actions on the

expert’s end because public narratives shift and public sentiment di-

rectly affects outcomes of organisational goals. For instance, E10 ex-

plained how they would use DiscourseDash across different phases of

health intervention planning:

“It’s really helpful for monitoring and evaluation of

[health] interventions, which gives the opportunity to

scale up or scale down depending on the needs as you

go. After the intervention, it helps to reflect and create

preparedness plans for future interventions in the same

context, so for vaccines, or for flooding”

Here, discourse insights were valued not only for real-time re-

sponse but also for learning and preparing for future scenarios. In-

stead of waiting for traditional reports or surveys, DiscourseDash pro-

vides immediate indicators of public responses. Similarly, E6 high-

lighted how analysing public reactions to discourses could help refine

product development:
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“When a new product was launched [...] we wanted to

know, read their feedback [...] [with this] we’re able to

determine how to improve the product.”

These reflections suggest experts perceived the tool as a method

to monitor impact in real-time, guide adjustments around decisions,

and inform future strategies. Instead of waiting for formal feedback

(e. g., surveys, sales stats, delayed reports), DiscourseDash offers quick

insights into public signals. This supports evidence-based decisions

grounded in ongoing discourse, enhancing expert workflows for both

real-time action and post-implementation reflection.

Managing crises and reputation risks

Experts emphasised DiscourseDash’s value in crises like public opin-

ion shifts, misinformation, or reputational damage. Quickly identify-

ing the core issue was seen as a structured alternative to current work-

flows for a timely response. As E4 explained: “in crisis management

[...] when you know what the issue is specifically, it should be easy

to turn things around.” They further explained how the visualisation

and sentiment indicators would allow a faster problem diagnosis for

response coordination:

“[Knowing that there is damaging] information about my

brand that’s going on, I’ll use it [DiscourseDash] to un-

derstand the sentiment of the audience [...] it would help

in making decisions [according to] response protocol and

there’s like a graph to back it up showing the range, so it’s

very explicit and it makes things easy to comprehend.”

DiscourseDash helped navigate overwhelming discussions by pro-

viding a structured overview of concerns for quicker identification of

root causes and targeted actions. For instance, E5 explained it could

pinpoint a specific problem during a product backlash:

“[I] need to know why people are talking [negatively]

about [my brand], so [for example] if we realise it’s the
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price, that way we can try to [fix it quickly]. If you don’t

know exactly the problem, it’s going to take longer to find

a solution. So the [DiscourseDash] is gonna help us get to

the root of the problem, help us find the starting point to

solve these problems.”

These reflections illustrate that DiscourseDash facilitates timely un-

derstanding of the ‘why’ behind negative public reactions or emerg-

ing narratives, which is more valuable than merely detecting issues

like sentiment shifts. In crises, fast decision-making impacts out-

comes, so DiscourseDash’s support in navigating social media to iden-

tify root causes is crucial for effective response and strategy align-

ment.

Shaping decisions dependent on understanding public views

Experts also perceived DiscourseDash as a tool that guides reflec-

tive decisions around brand positioning, internal policy, and strate-

gic communication. These uses focus less on immediate response

and more on understanding how public perceptions evolve. Having

the analysis of social media discourses in detail, experts can track

shifts in tone, values, and alignment with intended identity. Hence,

DiscourseDash becomes more than a monitoring tool—it’s a resource

for staying informed through broader narratives. For instance, E7 ex-

plained how discourse insights inform workplace policy design:

“In terms of designing the perks and benefits for all our

employees, that is something we can incorporate to under-

stand the trends [...] there are a lot of culture changes [...]

So we can redesign [things] with a set of trendy [ideas]

that could improve health, productivity, and the happi-

ness index.”

This illustrated how DiscourseDash can support experts in aligning

decisions with a broader understanding of employee sentiments and

social media discourses. In turn, this supports a healthier workplace

identity. Instead of relying only on assumptions or surveys, experts
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use DiscourseDash to gain accurate insights by analysing employees’

discussions about their work environment to inform strategic reflec-

tions.

Following public voices to shape societal values

Experts also valued DiscourseDash’s potential to track evolving nar-

ratives in policy debates, public health campaigns, and social move-

ments. Apart from reactive monitoring, the support was perceived to

uncover deeper layers of the public’s values, concerns, and perspec-

tives for strategic alignment with ongoing or emerging policy devel-

opment. For instance, E11 described using DiscourseDash to inform

government decision-making:

“If the government asked me to survey what is currently

going on, on ways to improve people’s perception about

them, I would use everything you shared with me [Dis-

courseDash] to include people’s opinions, what people are

trying to pass on to the government. Like, if John Doe

says, ‘This is a way the government can help the people

[...]’, it’s my job to write that down and explain [to the

government] what led to that suggestion.”

This highlights how DiscourseDash acts as a tool for mediated lis-

tening, helping experts translate public voices from social media into

suggestions output tailored to institutions’ goals. This demonstrated

the DiscourseDash’s potential to help governments identify emerging

concerns, trace the roots of public suggestions, and communicate

these strategically to decision-makers. From a broader perspective,

this would support the expert’s responsibility in bridging public ex-

pression and formal institutional processes.

theme 2 : adoption barriers in real-world

While experts acknowledged the value of DiscourseDash, they also

highlighted several challenges that can limit adoption in practice.
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These barriers arise from organisational constraints, resource limita-

tions, and workflow considerations. Experts further raised concerns

about data privacy, ethical use, and the contextual fit of DiscourseDash

within professional environments. This section outlines these adop-

tion barriers and sets the stage for considering their implications for

future iterations.

Resource constraints

Many experts from smaller organisations highlighted that limited

budgets and technical capacity can set back the adoption of new

tools. These experts stressed that an interactive design should be

easy to use for seamlessly integrated into their existing workflows.

This includes requiring minimal training and avoiding substantial in-

frastructure modifications. Drawing on prior experience with simi-

lar tools, experts emphasised the importance of long-term reliability.

This helps prevent disruptions and rising costs caused by inadequate

maintenance or organisational changes. These observations underline

the need for future tools to prioritise sustainability and dependability

to effectively support ongoing workflows.

Accountability

Experts raised key concerns around data privacy, ethical use,

and transparency in algorithmic processing. These concerns reflect

broader sensitivities involved in monitoring public discourse at scale.

They stressed that any system design must prioritise ethical safe-

guards. This is because social media discourses frequently engage

with sensitive topics. It is therefore important to ensure user identi-

ties are protected. Privacy must be safeguarded, and fairness should

be promoted throughout the analysis. Such considerations align with

principles of responsible AI and sociotechnical accountability for the

need for ethical governance throughout the tool’s lifecycle.

Organisational structure

Experts in hierarchical or collaborative settings emphasised the need

for role-specific permissions and access controls. They drew paral-
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lels with how platforms like Meta manage page roles, where different

users have varying levels of access and responsibilities. In practice,

analysts, managers, and administrators may require different views

or editing rights within the same workspace. Experts mentioned the

need for tools to support diverse team workflows while preserving

data security and respecting organisational protocols. Addressing

these challenges influences how large teams adopt such tools by en-

abling collaboration without compromising sensitive information or

disrupting decision-making.

Real-time integration

Experts emphasised the importance of real-time performance in time-

sensitive situations. Low latency and immediate data processing were

considered essential for actionable insights. They highlighted that

seamless integration with their existing real-time monitoring work-

flows and platforms is a fundamental for adoption. Achieving this

requires back-end optimisation and a flexible system design. Such in-

teractive design ensures that tools can adapt to real-world contexts

and support decision-making without delays or technical bottlenecks.

These considerations are especially important when discourse-level

insights directly inform operational or strategic choices.

Adaptability

Experts highlighted limitations in supporting diverse languages, re-

gional dialects, and culturally specific slang. They explained that fail-

ing to account for these variations can lead to incomplete or biased in-

sights for contexts within global or multicultural levels. There should

be a prioritisation of inclusivity. This includes building multilingual

and analysis that is aware of cultural contexts for accurately cap-

turing the complexity of different public discourses. With that said,

decisions can be implemented with more representative and action-

able insights across varied populations. Hence, adaptability towards

regions and contexts is important for ensuring that discourse-level

analysis remains relevant and sensitive to local dynamics.
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Reliability

Experts with qualitative backgrounds expressed scepticism about au-

tomated analysis that oversimplifies complex discourses. This stems

from their experience where they notice these analyses frequently fail

to capture subtle sentiment, irony, or specific meanings relevant to

context. Hence, they suggested better communication in interactive

design on how outputs are generated, including the data sources, as-

sumptions, and confidence levels associated with analyses presented

to a user. These would help users interpret results critically and miti-

gate over-reliance on inaccurate outputs. Without these reliable mea-

sures, experts hesitate to integrate new tools into high-stakes work-

flows because they do not trust them with decisions that can have

social, political, or organisational consequences.

theme 3 : consideration of evolving analytical work-

flows

Experts reflected on how their workflows might adapt to the rapidly

changing nature of social media and emerging analytical practices.

Their insights highlight key opportunities and set expectations for fu-

ture tool development. Considering these perspectives ensures that

DiscourseDash remains relevant and adaptable over time. It also sup-

ports decision-making workflows that account not only for current

dynamics but also for near-future shifts in social media discourse.

Integration of customised AI-based features

Experts envisioned future workflows enhanced by collaborative AI to

support proactive and informed decision-making. Apart from sim-

ple analysis to classify text, they mentioned the potential for AI-

assisted processes such as summarising past events, outlining strate-

gies, and responses that further guide decisions they make. These

designs could include instruction-based prompts and adjustable rec-

ommendations embedded within DiscourseDash. For instance, a con-

versational agent could support users by providing specific instruc-



7.3 findings 199

tions that focus on analysed discourses and generate targeted insights

relevant to their domain. Some experts also suggested incorporating

features inspired by X’s (formerly Twitter’s) Community Notes as an

indicator for future analyses. These features could help identify mis-

leading content, track its spread, and provide clear contextual expla-

nations. Incorporating such indicators into DiscourseDash AI analy-

ses could serve to communicate transparency and support more in-

formed decision-making workflows.

Adapting temporal analysis beyond real-time

Experts emphasised that temporal analysis should extend further

from immediate reactions. They highlighted the need to understand

how social media discourses develop over time, including before, dur-

ing, and after key events. Observing these patterns allows experts to

detect emerging trends, anticipate potential risks, and identify mis-

information before it spreads widely. For instance, one expert, E9,

explained: “You want to know where people stand at the beginning,

how that shifts after an announcement or crisis,” demonstrating the

value of comparing data over time to guide informed action. Experts

also suggested that combining real-time monitoring with historical

data can reveal shifts in sentiment, stance, and engagement that may

not be apparent from short-term observations alone. This approach

helps identify which topics are gaining traction, which communities

are most affected, and where interventions may be necessary. Having

the ability to track temporal dynamics, experts can plan more adap-

tive strategies rather than reacting solely to immediate changes.

theme 4 : usability improvements for interactive experi-

ences

During the experts’ interactions with DiscourseDash, several key areas

related to usability and desirable features were brought forward to

improve the interactive experiences.
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Filter for engagement metrics

Experts highlighted the importance of ranking discourses by engage-

ment metrics such as likes, shares, or replies. Discourses with higher

engagement should appear first for users to focus on discourses that

shape or reflect broader audience sentiment. Implementing such fil-

ters would streamline navigation and support more targeted analysis.

Support for collaborative workflows

Collaboration was a key requirement for teams analysing social me-

dia discourses. Experts suggested features such as share buttons for

data export and multi-level user management to allow role-based ac-

cess. These mechanisms support team members to work according

to their responsibilities while maintaining data security. Integration

with offline data sources was also recommended to support flexible

analysis.

Mobile accessibility and visual clarity

Experts noted that DiscourseDash should function across multiple de-

vices to support on-the-go monitoring. Some visualisations were de-

scribed as unclear or overwhelming. Suggestions included tooltips,

clearer graph legends, and simplified layouts. These enhancements

would make insights more interpretable and ensure consistent usabil-

ity across platforms.

User-level analysis

Distinguishing contributions from credible sources and general users

was seen as important. Experts recommended analysing user be-

haviour, including post frequency, duration, and repetition. This type

of user-level analysis could reduce noise, identify patterns, and im-

prove the efficiency of investigative workflows.

Integration of Community Notes

Experts proposed features similar to X’s (formerly Twitter’s) Com-

munity Notes. These would help identify misleading content, track

its virality, and provide clear contextual explanations. Using credible,
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traceable indicators alongside verified claims would improve trans-

parency and support informed decision-making.

7.4 chapter summary

This chapter concludes the final empirical study presented in Part

II of the thesis. Through an interview study with industry experts,

we gathered the practical use of DiscourseDash in real-world contexts.

The study provided a general understanding of expert workflows that

further highlights the relevance of this research. More importantly, it

brought valuable insights into designing interactive tools for social

media analysis.

While the previous mixed-method evaluation in Chapter 6 focused

on general user interaction through scenario-based tasks, this chapter

grounded our investigation in the knowledge and practices of indus-

try experts. Through the integration of expert perspectives in the in-

terview study, we identified specific design priorities and challenges

that are frequently overlooked in non-expert evaluations. These find-

ings underscore the important role of expert perspectives in shaping

tool design for the actual decision-making workflow.

These insights not only inform the future refinement of Dis-

courseDash but also contribute to broader discussions on designing

social media analysis through the lens of discourse-level insights.





Part III
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8
D I S C U S S I O N

This chapter reflects on the main contributions of the thesis by synthe-

sising findings across studies and relating them to the main research

questions. First, let’s briefly recap how the empirical chapters of the

thesis collectively address these questions:

rq1 How can interactive tools be designed to enhance social media

analysis to support more effective decision-making workflows?

This question is addressed through the development and eval-

uation of an interactive tool. First, the practical implementation

of a computational method for modelling discourse context in

the stance detection task informed the initial interactive design

(Chapter 4). Then, this design was developed into a functional

prototype (Chapter 5) that facilitated a mixed-methods evalu-

ation with general users to ground the design rationale with

empirical insights (Chapter 6).

rq2 How do industry experts’ workflows and experiences in

analysing social media discourse shape the real-world applica-

bility of DiscourseDash?

This question is explored through a semi-structured interview

study with industry experts (Chapter 7). The study examines

expert practices, challenges, and expectations, providing empir-

ical grounding for assessing the relevance and applicability of

DiscourseDash in real-world analytic workflows.

8.1 designing for social media analysis

The problem of social media analysis established throughout the the-

sis is that (1) computational learning methods frequently treat text

205
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as separate instances and (2) interactive design approaches focus on

summarising outputs without preserving the discourse contexts that

support user interpretation during analysis (see Section 1.1 & Litera-

ture Review in Chapter 2). Both of these aspects, i. e., computational

learning and interactive design, overlook the discursive and contex-

tual complexities of social media discourses. This disconnect moti-

vated the central thesis argument, in that integrating discourse-level

computational insights with human-centred design can better sup-

port real-world decision-making. This is achieved by DiscourseDash

designed in this thesis to support human users in interpreting auto-

mated outputs together with the context that lies within social media

discourses (see Chapter 5 for the designed prototype).

From a computational perspective, engineers focus on optimising

automated outputs for performance. In contrast, a human-computer

interactional approach focuses on human values and behaviours in

shaping interactions. This research values both approaches by start-

ing with a computational study to inspire the design concept and

then grounding the design through empirical investigation of user

perceptions (see Chapter 3 on the connection of these multidisci-

plinary approaches). In this thesis, the overall findings suggested the

value of DiscourseDash, in that interactive design of automated out-

put with discourse-level insights allows users to better interpret the

analysis for informed decisions.

8.1.1 Grounding design concepts

The exploration study of computational methods in Chapter 4 re-

vealed that algorithmic outputs are only as capable as the context

from which they are fed to learn. Treating social media discourses as

unified instances during implementation on a computational learn-

ing task showed how context shapes predictions (see Section 4.5).

Hereafter, these insights from the computational learning study be-

came central to the inspiration of the proposed interactive design
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(see the relation in Table 6). The value of this computational study

from a high-level perspective is that it not only grounded the design

in practical realities but also made sure that it remained feasible and

avoided overly optimistic assumptions. As a result of this exploration,

the findings suggested that the impact on the model’s performance

after introducing discourses as contextual knowledge during learn-

ing shapes algorithmic outcomes. The inspiration here is that human

users should also be introduced to the same discourse contexts that

the machines learn from. This can be constructed as a way to com-

municate reasoning around the details (contexts) through discourses

that supported a computational model in arriving at their final out-

put. This approach aligns with HCI principles for transparency in AI

systems because it was argued that they should be accompanied with

reasoning for collaboration, not reliance (Doshi-Velez and Kim, 2017;

Ehsan et al., 2021). The idea is reinforced around how interactive de-

signs for social media analysis should present algorithmic outputs

within the discursive contexts that give them meanings for informed

decision-making.

This thesis addresses the points discussed above through two em-

pirical studies: one with 26 general users performing scenario-based

tasks (Chapter 6) and one with 11 industry experts reflecting real-

world relevance (Chapter 7). Both user studies here suggest a consis-

tent need for analytical depth in dealing with the process of using a

tool for social media analysis. First, this was evident when experts de-

scribed the limitations of their existing tools, which are limited in pro-

viding deeper contextual interpretation of the high-level summaries

(see Section 7.3.1). This need for more in-depth analysis became even

more apparent during their interaction with DiscourseDash (see Sec-

tion 7.3.2). Initially, as they explored DiscourseDash’s Overview page,

they acknowledged its similarity to current tools or methods they had

adopted in use. However, after interacting with the Detailed Analysis

page of DiscourseDash, experts noted that it effectively addressed the

interpretive gaps they had consistently mentioned all before the inter-

action on Detailed Analysis in DiscourseDash (see Section 7.3.2).
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Similar evidence was also observed when general users perceived

the Detailed Analysis that presents discourse-level insights as highly

useful during the decision-making tasks they were instructed to per-

form (see Section 6.3.3.2). Apart from reflecting it through statisti-

cal analysis of the questionnaire, it was further strengthened when

they articulated their reasoning using these discourse-level insights

during tasks (see Section 6.3.3.1). Findings from both user groups in-

dicated that these perceptions were closely related to the ability of

DiscourseDash that guides their understanding of complex discourses.

These shaped the value around Detailed Analysis in facilitating users

during deeper investigations into unfolding narratives.

8.1.2 The values within the design

Apart from validating the design concept, the findings reveal broader

lessons about how social media analysis can be supported through

interactive design. Chapter 1 outlined the motivation for this thesis,

where existing tools frequently prioritise high-level metrics or visual

summaries. This research identifies an opportunity to shift toward

supporting interpretive analysis by focusing the design around the

context of social media discourses. This shift highlights how inter-

active systems can be structured to accommodate the complexity of

social media discourses (Nelimarkka, Laaksonen, and Semaan, 2018).

Synthesising observations across both studies points to a design

direction in which discourse context should be treated as a core in-

teractive component rather than an add-on to computational learn-

ing processes. This can be perceived as an extended form of support

to make sense of complex social media analyses by leveraging sur-

rounding discourses accompanied by interpretive indicators to guide

investigations. To strengthen this point, empirical findings (see Sec-

tion 7.3.3) showed that industry experts valued this perspective by

noting how these detailed explorations of discourse-level insights ex-
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tend high-level visual summaries towards a more active approach in

supporting their interpretation process.

A concrete example of these insights is the role of the harmfulness

indicator. During the design phase, we formulated an initial hypoth-

esis that such an indicator can support decision-making grounded

in insights from prior literature. However, the concept remains vague

due to its subjectivity (see Section 2.2.1.3). The performed evaluations

with non-expert users showed that this feature prompted questions

about its meaning and relevance within social media analysis. In con-

trast, expert users did not surface these questions around the harm-

fulness indicator. Some expert, in fact, articulated their interpretation

of them in ways consistent with their existing workflows. This sug-

gests that the initial hypothesis was relevant in real-world contexts,

but must be clearly defined and presented in a way that still allows

users to integrate their own interpretations. These findings reinforce

the value of the feature while pointing to the need for further studies

to refine its definition and presentation for effective analytical use.

These findings align with broader perspectives in HCI that empha-

sise the interpretive and situated nature of user engagement (Dour-

ish, 2006; Ehsan et al., 2021). They highlight frequently overlooked

user priorities such as the need to contextualise information within

broader narratives (see Section 6.3.3.1 & Section 7.3.1) and to inves-

tigate the meaning behind computational outputs (see Section 7.3.2).

Future work should consider both computational effectiveness and

how design can support users. This means interpreting discourse

contexts with supportive indicators to guide the understanding of

complex social media environments.

Prior work in HCI and visual analytics has acknowledged the chal-

lenge of making complex systems understandable (De Choudhury

et al., 2009; Heer and Agrawala, 2007; Majeed et al., 2020; Zubiaga

et al., 2016). This thesis’s contribution fits within the limited stud-

ies that have provided empirical insight into how discourse contexts

shape the process of social media analysis. Through the design of

DiscourseDash, this thesis bridges perspectives on designing both with
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and for user practices by demonstrating how the interpretation of

social media discourses can be integrated into the interaction itself

rather than being appended as a context to improve computational

outputs.

8.1.3 Connecting the value to future directions

This thesis encourages future interactive system designs to move for-

ward from limiting social media analysis to a single dimension of

quantifiable outputs. This is because our empirical findings appear to

validate the value by providing multiple forms of evidence in design-

ing interfaces that engage users with the interpretive insights of social

media discourses. These evaluations of DiscourseDash provided prac-

tical demonstrations of how computational insights can be presented

through interactive design to support users making high-stakes de-

cisions in fast-paced real-world environments. For instance, this in-

cludes making appropriate intervention decisions to counter a public

health crisis or decisions to manage an organisation’s reputation fol-

lowing unforeseen incidents. More detailed examples are provided in

Section 2.1.2.

The grounding of our research in empirical user engagement ex-

tends ongoing HCI discussions on transparency and the collabora-

tive construction of meaning between humans and computational sys-

tems (Amershi et al., 2019; Shneiderman, 2020). Rather than treating

computational outputs just as automated measures, these findings

encourage a shift in design priorities toward supporting investigative

reasoning when navigating complex social media phenomena. This

highlights not only the role of computation in supporting human

judgment but also the importance of moving past simple analytical

interfaces toward designs that encourage exploration and reflection

through discourse-level analytical insights.

The approach by understanding a design through human interac-

tion experiences reinforces core HCI principles of participatory de-
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sign (Maguire, 2001; Spinuzzi, 2005). Not only does it reveal the

potential of this underexplored area, but it also demonstrates that

grounding analysis in situated user practices strengthens the rele-

vance of computational insights. By articulating these design consid-

erations, this research lays a foundation for future research to im-

prove the bridge between computational methods and practical users.

More broadly, the values within the findings of Chapter 6 extend

the recognition of mixed methods in HCI research (Oghaz et al., 2020).

This was demonstrated by how combining qualitative insights with

quantitative metrics provides a complementary perspective for syn-

thesising the values within a design. On one hand, users provided

distinct ratings for the specific features under evaluation, which al-

lows a quantitative measure of perceived usefulness. On the other

hand, qualitative findings explained why features were evaluated in

particular ways. E. g., it revealed how users connected the design’s af-

fordances to their goals and expectations. These demonstrated that

an interactive design of a social media analytical tool can benefit

from considering both quantitative outcomes and qualitative inter-

pretations.

8.2 understanding the real-world applicability

Building on earlier discussions, this section illustrates how Dis-

courseDash directly supports expert decision-making processes. This

connection directly addresses RQ2 as to how industry experts can

shape the real-world applicability of DiscourseDash. The literature

review (see Section 2.1.2) initially established a conceptual link be-

tween professional responsibilities and decision-making processes by

drawing on documented practices in fields such as policy, commu-

nication, and brand management. These helped frame the potential

use cases for DiscourseDash within expert workflows for outlining de-

sign rationale. As part of the empirical findings from interviews with

experts (see Section 7.3.3), this research contributes to documenting
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how these conceptual ideas are applied in practice. The findings pre-

sented various forms of analysis in real-world settings, with the focus

on analysing social media discourses. The following sections discuss

how the findings revealed that experts see social media analysis as

not just a straightforward task, but as part of broader workflows that

interpret discourse meanings to guide planning, review, and strategic

decision-making.

8.2.1 Shaping values with experts

Engagement with industry experts revealed that the process of

analysing social media discourse is a strategic activity. Decision-

making is not just based on conducting retrospective evaluations,

e. g., assessing public reactions to past events; the context embedded

within discourses is part of the process to perform proactive planning,

monitoring, and strategising (see Section 7.3.1). These practices em-

phasise identifying emergent narratives, tracking shifts in public sen-

timent, and understanding the evolution of social media discourses.

With that said, phenomena such as misinformation, ambiguity, and

rapid change cannot be fully understood through simplistic or purely

quantitative representations, e. g., categories of sentiment analysis.

Through interactions with experts, it became clear that although

there is an increase in the use of existing analytical tools, they are lim-

ited in supporting these strategic practices (see Section 7.3.1). These

analytical tool was described to prioritise aggregate metrics at the

expense of contexts or explanations. These findings align with a

prior study from policymaking that emphasised increasing engage-

ment through HCI and social computing (Spaa et al., 2019). There

were prior findings that also suggested that mismatches between tool

capabilities and the interpretive demands of expert analysts would

limit effectiveness when decisions require evidence-based justifica-

tions (Seidel et al., 2018). Thus, industry experts need tools that not

just visualise what is happening with descriptive visualisation, but
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also reason about why certain discourses unfold as they do. This in-

dicates an underexplored gap in the interactive design of analytical

tools that has not been sufficiently addressed.

Building on ongoing calls in HCI, our expert discussions highlight

the importance of prioritising explanatory insights over purely pre-

dictive outputs (Hofman et al., 2021). Chapter 7 aligned how experts

perceive DiscourseDash and outlined their current analysis processes.

These findings clarified the types of support that interactive design

must consider to be valuable in practice when designing for social

media analysis. It has become evident that narrative correlation and

interpretability of automated analysis are invaluable in practice (see

Section 7.3.1 & Section 7.3.2). Overly abstract summaries lack contex-

tual grounding, not only constraining their analytical processes but

also raising concerns about potential unintended consequences aris-

ing from computational outputs. With all these insights, the thesis

encourages that design approaches must consider the discursive na-

ture of how online communication is formulated (O’Halloran et al.,

2018).

8.2.2 The evolution of perception

The analysis in Chapter 7 uncovers an evolution of perception

that substantiates the core argument of this thesis in emphasising

discourse-level insights in interactive design. Before engaging with

DiscourseDash, experts described their workflows as fragmented and

labour-intensive. This means that the process requires a combination

of multiple analytics platforms, manual data curation, and informal

reasoning to make sense of social media discourse (see Section 7.3.1).

These descriptions show that industry experts rely on ad hoc meth-

ods to bridge the gap between computational outputs and the exter-

nal insights needed to support their organisational goals. Our find-

ings reaffirm that social media problems cannot be explained or anal-

ysed through a one-dimensional design output (i. e., high-level visual
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summaries of analysis), but rather to uncover more by synthesising

further interpretive insights (i. e., investigation into social media dis-

courses with supportive indicators).

Upon interaction with DiscourseDash, experts quickly recognised

how features such as analysing discourse-level insights support un-

folding narrative aligned with their existing analytical approaches

and needs. They pointed out that these analytical features, i. e., stance

analysis, sentiment analysis, harmfulness, trending topics, popularity

over time, were considered useful not in isolation, but as entry points

for exploring how certain topics gained traction, how public opin-

ions evolved, and what strategies can better frame their goals. Rather

than viewing them as passive summaries, these features were seen as

an indicator to reason through complex navigation within discourses.

Hence, DiscourseDash provides additional insights that naturally sup-

port navigation of discourses, as such discourse-level insight is highly

valued. It became evident that explanations are most effective when

they align with a user’s reasoning process rather than purely offering

technical transparency.

Post-interaction reflections further synthesise these findings. Ex-

perts articulated specific scenarios in which DiscourseDash could sup-

port their strategic workflows, from reputation monitoring to early

warning for emergent issues (see Section 7.3.3). These reflections sug-

gest that DiscourseDash has the potential not only to support expert

judgment, but also to serve as a tool for navigating shifts in social

media discourses over time. This aligns with the growing empha-

sis in HCI and AI research on developing human-centred systems

that prioritise meaning for supporting human expertise, over fully

automation in high-stakes domains (Amershi et al., 2019; Green and

Chen, 2019; Leal et al., 2025), e. g., policy making, healthcare indus-

tries, government bodies (see Section 2.1.2).

All in all, many of the findings show that experts’ perceptions of

DiscourseDash were shaped through their interactions with the tool

and their evaluation of its practical usefulness. This can be observed

from the illustration of how these evolving perceptions support the
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thesis argument, which is to facilitate the navigation of social me-

dia analysis through discourse contexts. This thesis consequently con-

tributes to the broader conversations about the design of interactive

tools for social media analysis by aligning with experts’ workflows.

The findings further highlight the need to design tools that reflect the

practical realities of expert practices and decision-making processes.

8.2.3 Key takeaways from experts’ perspectives

Engaging with industry experts revealed how context around dis-

courses with indicators such as in DiscourseDash shapes the use of

social media analytical tools. Apart from documenting their work-

flow practices, this engagement study highlighted what matters in

experts’ workflows. E. g., navigating overwhelming social media en-

vironments, addressing conflicting indicators, or making informed

decisions under uncertainty. These show that designing for trust, flex-

ibility, and support for interpretive reasoning is not an abstract prin-

ciple, but a requirement illustrated through how expert articulated

their workflow (Amershi et al., 2019).

Rather than limiting an interactive design to a set of predefined

analytical features, experts emphasised the need for flexibility to ac-

commodate evolving needs. Feedback from industry experts (see Sec-

tion 7.3.3) highlighted forward-looking perspectives that account for

anticipated shifts in foreseeable changes or expectations. These not

only grounded the design in the lived realities of expert users but

also informed how the interactive design can adapt to the evolving

social media environments. Incorporating expert perspectives in Dis-

courseDash reflects a design that values expertise, encourages inter-

pretive reasoning, and anticipates the evolving needs of real-world

social media analysis.
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8.3 bridging human judgment with analytical tools

The previous section linked the findings to the design concept and

how it supports analytical perspectives. However, the context around

social or cultural settings requires decisions to balance experts’ qual-

itative judgments with algorithmic outputs. A key challenge that

emerged in this research is that social media discourses are often

open-ended, with meanings shaped by the surrounding discussion

context. The interactive design presented in the thesis provides a

foundational step toward bridging computational analysis and hu-

man reasoning; i. e., it shapes automated analysis through interactive

design in decision-making by balancing the view of social media dis-

courses in a way to encourage human judgments. However, achieving

this balance depends on refining how analytical tools accommodate

and respect human judgment. This emphasis extends calls within

HCI to design systems for human–AI collaboration (Amershi et al.,

2019).

In Chapter 6, our qualitative analysis highlighted the importance

of each feature based on the participants’ rankings (see Section 6.3.1).

Participants also provided detailed justifications for their preferences

during decision-making tasks (see Section 6.3.2). Synthesising these

findings showed how general users perceived these features as use-

ful for navigating complex social media content. In Chapter 7, these

design features were examined to align with real-world workflows.

Before interacting with DiscourseDash, experts described how they

routinely integrated various forms of analysis to guide their decision-

making processes, aligning closely with the features proposed in our

tool (see Section 7.3.1). Thematic findings from their interactions with

DiscourseDash further illustrated how perceptions of feature useful-

ness influenced their evaluations of the tool’s relevance to the in-

tended context (see Section 7.3.2).

However, in sensitive or high-stakes contexts such as healthcare,

where decisions can directly impact people’s well-being, experts em-

phasised the ongoing importance of human interpretation along-
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side automated insights. Although they acknowledged the value of

these analytical tools, they emphasised the reliance on human judg-

ment. Factors such as trust, cultural norms, and established decision-

making protocols shape the extent to which machine analyses are

adopted (Kocielnik, Amershi, and Bennett, 2019). Additional con-

cerns about data privacy, bias, and ethical accountability vary be-

tween domains (see Section 7.3.3). These findings align with prior

HCI work that highlights how perceptions of fairness influence will-

ingness to rely on algorithmic systems (Binns et al., 2018). Depend-

ing on the context, we found that user reliance and trust exist on

a spectrum, ranging from those who prefer extensive AI support to

those who favour human judgment with minimal algorithmic input

(see Section 7.3.3). This reinforces that the interpretation of meaning

in the process of analysing social media discourses should not be

seen as a one-stop solution delivered by analytical tools, but rather as

something heavily shaped by specific practices or expectations.

To summarise this, although our findings align with user valida-

tion in supporting social media analysis, the extent to which these

tools can be impactful depends on their ability to balance automa-

tion with transparency, flexibility, and responsiveness to human in-

terpretation. This work encourages design goals to foreground it as

essential to positioning interpretability in support of human involve-

ment in real-world decision-making. Future work should examine

specific contexts to illustrate these differences, compare how human

judgment and expectation vary, and establish distinct design guide-

lines that are responsive to the nature of expert practices.

8.4 implications for design

These empirical findings inform several design implications

grounded in the feedback and interactions of both experts and gen-

eral users with DiscourseDash. The insights highlight key considera-

tions for improving the relevance of such tools in real-world settings
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that guide the future development of similar systems (see Section

7.3.3).

8.4.1 Improving analysis outputs

There is a clear indication for a more detailed and accurate interpre-

tation of the analysis output. On one end, some general users strug-

gled to understand the meaning behind specific labels such as harm-

fulness, stance, or sentiment. This highlights the importance of pro-

viding concise and accessible explanations, such as through tooltips

(Dai et al., 2015) or in-context guides, to help users quickly grasp

the meaning of each metric. Consistent with broader eXplainable

AI (XAI) research that emphasised that analytical results must res-

onate with users’ cognitive frameworks (Doshi-Velez and Kim, 2017;

Miller, 2019). Experts, on the other hand, expressed interest in more

refined categorisations that could better reflect the complexity of social

media discourse. For instance, rather than using broad categories, fu-

ture iterations could explore hierarchical or layered classification sys-

tems that first identify the presence of an issue and then allow for

deeper investigation into its nature (e. g., types of harm, intensity of

emotions).

These insights suggest two main directions for future work: (1) to

improve what these varying computational output means and how

they relate to each other for non-expert users, and (2) to offer more

granular analytical options for advanced users. These gaps should be

addressed so that these analysis not only integrates easily into interac-

tion experiences, but also become more valuable in experts’ contexts.

In other words, further targeted investigations should explore designs

that seamlessly translate these insights for non-experts. Additionally,

research should examine which types of granular analysis outputs

experts across different domains prioritise and whether their needs

align or differ.
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8.4.2 Handling variability in data sources

There needs to be flexibility in the analytical data sources to support

real-time and offline inputs for diverse and dynamic workflows. Sim-

ilar emphasis in crisis management studies that also highlighted the

importance of accommodating diverse data contexts and situational

demands (Jin, Liu, and Austin, 2014; Saroj and Pal, 2020). The cur-

rent prototype presented an analysis of vaccine-related topics from

the COVID-19 pandemic, which, while suitable for initial prototype

testing, does not fully represent the evolving nature of social media.

Some participants struggled to relate the data for the delegated

tasks to current or personally relevant topics. However, experts’ feed-

back highlighted the importance of flexible data input methods. Some

experts work with curated or sensitive datasets, such as anonymised

surveys, interview transcripts, or internal organisational data, which

are not presented on public social media platforms. Meaning that,

relying solely on online data in contexts where public discourse is

culturally or politically restricted may fail to provide accurate in-

sights for high-stakes decisions. They emphasised that allowing user-

uploaded data would better align with practical adoption.

This flexibility is critical in workflows, where decisions rely on un-

derstanding refined perspectives that are not always apparent in pub-

lic discourses. Findings indicated that public expression is sometimes

limited due to cultural norms, but accurate community insights are

necessary for informed policy-making decisions (see Section 7.3.2).

This suggests that supporting real-time integration and secure offline

data upload can better accommodate different use cases. These fea-

tures can strengthen the practical use and ethical performance of in-

teractive platforms across different sociocultural contexts.

On that note, another option could be to include more relevant

user inputs for filtering the data to be analysed from populated so-

cial media discourses. This is because the current prototype only pro-

vides a few basic options such as date, channel, and topic filters (see

Chapter 5). The empirical findings from this thesis suggest adding de-
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mographic filters (discussed further in the next section). However, a

deeper understanding could be gained by investigating which types

of filters different user groups would find most valuable.

8.4.3 Incorporating demographics

There is a strong emphasis on the importance of demographic con-

text, which is consistent with prior work that emphasises its influence

on social media analysis (Sadah et al., 2016). The empirical findings

suggest that demographic data is better for improving the contex-

tualisation of analysis. This was noted to facilitate a deeper under-

standing of how different groups perceive and engage with specific

topics for informing the development of more targeted interventions.

For instance, categorising responses by demographic factors such as

community affiliation, cultural background, or belief systems could

offer valuable insight into varied behavioural patterns to address di-

verse perspectives. This is evident from experts suggesting that the

lack of demographic insights limits the tool’s practical relevance (see

Section 7.3.2). For many experts, demographic segmentation is a core

component in their decision-making workflows because accurate and

culturally sensitive strategies are required.

These findings suggest that presenting demographic categorisation

remains a foundational element in social media analysis. Building on

that, future integration of social network analysis would benefit from

incorporating the understanding of user interactions and information

dynamics. This consideration also highlights the value of supporting

relational analysis (Peng et al., 2018). The ability to visualise patterns

of interaction, influence, and community formation illuminates how

narratives propagate across groups, offering a more integrated un-

derstanding of social media discourses. However, it is important to

recognise that representing user relationships introduces significant

privacy considerations when it comes to sensitive topics. Future work
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should investigate how to balance the analytical benefits of social net-

work visualisation with ethical and responsible design practices.

8.4.4 Balancing the needs of different users

Although the design of DiscourseDash takes a step in proposing a

set of analytical features to support decision-making, our findings

suggest that more flexibility is needed to address the diverse needs

and preferences of users. There is a clear tension indicated from both

user groups that suggested DiscourseDash’s features should incorpo-

rate varying features that guide actions specific to the user’s context.

With the advantages of AI (Phillips et al., 2017), several intersecting

suggestions were unfolded in these empirical findings. Firstly, partici-

pants consistently emphasised the value of temporal prediction as an ex-

tension of the ability to anticipate emerging trends based on ongoing

conversations or past events. While monitoring provides clear ben-

efits for early issue detection, incorporating predictive functionality

that learns from past events and applies to future predictions would

further support a shift from reactive to proactive decision-making in

terms of enhancing the tool’s strategic value.

There is also an observation where users would like to engage with

discourse at varying levels of detail through optional summarisation

features. Amongst general users, the findings suggested that some

valued access to Detailed Analysis of discourses, while others preferred

concise summaries for quicker insights. Based on this, it can be ar-

gued that experts can also take advantage of such flexibility to adjust

their engagement according to the specific demands of their inves-

tigations. This would support decision-making across a spectrum of

time sensitivities, urgencies, and depths of analysis. However, experts

emphasised the importance of transparency in design for sensitive do-

mains and preferred to validate AI-generated summaries against au-

thentic data. This indicates that while summarisation features accom-

modate certain general user needs, a better design implied from this
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tension is to allow user control over the level of summarised detail

presented. This, in turn, balances rapid insights with opportunities

for deeper exploration. This suggestion aligns with HCI literature on

designing for user preferences and flexible data presentation to meet

the needs of diverse user groups (Goodman, Langdon, and Clarkson,

2007; Perer and Shneiderman, 2008).

Besides, additional support could be provided to guide users to-

wards more effective actions. One possible feature would be to gener-

ate suggestions informed by the analytical output. For instance, the sys-

tem could reference a repository of predefined knowledge or guide-

lines that reflect established practices, or recommend interventions

based on historical events. Several experts noted that while identify-

ing and understanding issues is an important part of the process, the

value would increase when accompanied by practical recommenda-

tions that help guide subsequent decisions. This potential is foresee-

able given recent advances in LLMs and Retrieval-Augmented Gener-

ation (RAG) systems that have been widely adopted across industries

seeking to utilise such capabilities to improve traditional workflows

(Singh et al., 2025).

Experts benefit from highly tailored features that align with their

decision-making processes, while general users require simpler, more

intuitive interfaces. While generic solutions provide baseline support

for expert decision-making workflows, there is significant scope for

future work to address more complex and varied analytical needs.

It is important to note that some users prefer automation to stream-

line decision-making, while others are sceptical of AI’s reliability and

prefer to retain greater control. This tension underscores the role of

HCI in translating complex computational outputs into actionable in-

sights for diverse user groups. Future work should prioritise flexibil-

ity while also being subject to ongoing evaluation and refinement to

maintain relevance across diverse domains. Incorporating HCI prin-

ciples such as progressive disclosure and adaptability can help en-

sure that discourse-level insights remain purposeful and actionable

for both expert and general users (Feigh, Dorneich, and Hayes, 2012).
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8.4.5 Inclusivity and representation

It is also important to consider accessibility for a wide range of users,

regardless of their linguistic, cultural, or resource constraints (Abascal

and Nicolle, 2005). An important point raised by our experts was the

accessibility of these tools. There is a preference for open-sourced so-

lutions, which were seen as a more practical way to promote broader

use, encourage collaboration, and reduce cost-related barriers. These

tools should be affordable to accommodate user groups such as small

teams or researchers with limited budgets.

These findings extend the ongoing discussions in NLP about lan-

guage diversity and multilingual support (Hershcovich et al., 2022; Joshi

et al., 2021). Participants highlighted the importance of designing

tools that support languages other than English. To put this into

perspective, the global pandemic was a shared crisis that affected

people worldwide. However, if analytical tools do not support mul-

tilingual analysis, they risk excluding researchers and communities

who work in languages other than English. To promote fairness and

broader adoption, future tools should support diverse linguistic con-

texts for underrepresented local dialects and languages in multilin-

gual regions where dialectal variations are common.

Furthermore, social media reflects only a partial view of societal

realities, shaped by cultural and contextual factors. Experts in our find-

ings highlighted that the usefulness of DiscourseDash can vary de-

pending on cultural settings. Without such considerations, these tools

risk misinterpretation or overlooking important contextual meanings,

which can lead to limited applicability in certain settings. For broader

relevance and effective use across diverse user groups, future ef-

forts should be grounded in underrepresented local practices and

informed by cultural and linguistic sensitivity.
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8.4.6 Layering multi-levels of trust

Establishing trust is a fundamental requirement for the adoption of

AI-driven analytical tools. The findings suggested that system trans-

parency is important for presenting how the tool generates output,

processes data, and ensures fairness. This reflects existing HCI re-

search that emphasises the role of accountability in AI system design

to support user trust (Abdul et al., 2018; Binns et al., 2018). Future

designs of such analytical tools must carefully address this by mak-

ing each analytical process understandable that involves sensitive or

high-stakes decision-making.

Experts within these domains tend to express scepticism toward

current AI-based solutions for qualitative analysis. They argued that

such approaches are not yet sufficiently validated or trustworthy

to use in practice. Hence, this reflects broader concerns about the

early application of analytical tools in socially complex environments

(Ehsan and Riedl, 2020; Suresh and Guttag, 2021). This need for more

systems to incorporate transparency and flexibility that allow users

to provide feedback on the output when needed or maintain overall

control (Amershi et al., 2019).

These point towards future efforts in integrating mechanisms for

explaining system logic (e. g., how classifications are made). E. g., de-

sign better components to communicate how data is sourced and pro-

tected and allow users to engage with AI outputs at varying levels

of interpretive depth. Following these findings and suggestions, de-

signs are strengthened and evolve with system use and user feedback

(Miller, 2019). Future work should consider how to address limita-

tions in AI-generated insights, for instance, by presenting the confi-

dence level of the output (Rechkemmer and Yin, 2022), or explainable

methods (Danilevsky et al., 2020; Liu, Yin, and Wang, 2019). Trust can

be encouraged where users can regulate their reliance adequately in

domains where judgment of qualitative insights is subjective.

Besides, there should be transparent documentation that outlines

how analytical tools are intended to evolve, be maintained, and be
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supported over time. When users place trust and reliance on such

systems, there is a reasonable expectation that these tools will remain

accessible and functional. The absence of clarity or the sudden with-

drawal of these tools undermines confidence in their long-term adop-

tion since experts have previously encountered how such disruptions

can impact their workflows. It was noted in our expert findings that

the discontinuation of Meta’s CrowdTangle and the removal of research

access by X (formerly Twitter) caused considerable setbacks for many

researchers who had come to depend on these platforms. These high-

light the importance of sustained transparency and clear communi-

cation around long-term support and platform commitments when

tools become embedded in critical analytical workflows.

8.5 chapter summary

This chapter synthesises the key findings from the empirical chap-

ters of this thesis, which focused on the design, implementation, and

evaluation of a human-centred interactive system for social media

analysis to support decision-making. The discussion reflects on how

the insights gathered from multiple empirical chapters of this the-

sis support the central argument of this thesis, in that incorporat-

ing discourse-level analysis into interactive systems for social media

analysis can better support decision-making processes. The value of

discourse-level insights in allowing users to understand patterns and

relationships within social media discourse can be observed based

on how participants articulated their perception and positioned them-

selves using DiscourseDash to make informed decisions. The empiri-

cal work in this thesis examined two distinct user groups to capture

varying perspectives: (1) general users and (2) industry experts. Al-

though users differed in experience and expectations, the findings

consistently strengthen the point that the interactive system’s design

supports discourse-level interpretation
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The discussion chapter drew on the research questions set out in

Chapter 1 to synthesise the findings according to how different user

groups perceive and interact with automated analysis. These observa-

tions underscore the importance of balancing automated analyses by

presenting discourse-level insights as proposed throughout this the-

sis. This motivates further studies within interactive systems to pro-

vide context around discourses as a method of explanation and allow

interpretive control for decision-making. The discussion not only val-

idates the proposed interactive design but also offers broader implica-

tions for the development of computationally informed tools that in-

tegrate automated analysis with human expertise. More importantly,

the chapter outlined valuable guidance for future work and design

refinement in this area of research.
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C O N C L U S I O N

This chapter presents the conclusion of this thesis by providing a sum-

mary of its key findings, insights, and contributions to the field. The

chapter begins with a detailed overview of the research, restating the

goal and the experimental studies conducted, while relating these el-

ements to the broader aims and significant findings of the research.

The chapter then elaborates on the contributions of this research, high-

lighting their significance to demonstrate how they advance under-

standing in the field. Following this, the chapter critically reflects on

the limitations of the research that may have influenced the outcomes.

Finally, the chapter identifies and discusses potential directions for fu-

ture research on the application of interactive tools for social media

analysis by emphasising how future studies can build upon the foun-

dations established in this thesis.

9.1 summary

This thesis investigated the role of discourses by combining compu-

tational methods with HCI approaches for social media analysis in

decision-making contexts. The research set out to answer the follow-

ing questions: (1) How can computational methods inform the de-

sign of interactive tools for social media analysis? and (2) How do

users engage with such designs in practice, and what insights can

be drawn to improve decision-making workflows? To address these

questions, this thesis proposes a practical approach in which com-

putational methods are first applied to social media data to inspire

an interactive design. Subsequent user studies were then conducted

to validate and refine this design by evaluating human experiences

within realistic tasks and real-world perspectives.

227
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The core findings from the computational experiments highlighted

the importance of discourse context in task-specific learning, such as

stance detection. While LLMs offer valuable predictions, they remain

limited when applied to navigating the meaning behind discourse-

specific insights (see Chapter 4). The main contribution of this explo-

ration study is in demonstrating how the practical implementation

of computational methods can inform and inspire the design of in-

teractive tools. The observation in the experiment directly guided the

design goals of the interactive prototype (see Chapter 5).

Because there is limited documentation on how users interact with

tools that provide discourse-level qualitative analyses for decision-

making, the thesis drew inspiration from journalists’ workflows to

design the first user study with general user participants. This mixed-

method evaluation tested the rationale of the design by gathering

user experiences alongside the initial conceptual formulation. Results

showed that the design provided more effective support for navigat-

ing unstructured social media discourses than traditional approaches.

At the same time, the study surfaced aspects that were not initially

anticipated, such as the need for clearer definitions in certain analyses

and stronger alignment between visualisations and user expectations.

The thesis then examined the bridge between design and real-

world application by engaging industry experts. This investigation

validated the practical value of the design by highlighting how ex-

perts interacted with the prototype in the context of their professional

workflows. Before the study, there were no clear pathways for antici-

pating how the design would be perceived. Surprisingly, the concep-

tual design aligned closely with the limitations experts described in

their existing tools and methods. Observing experts interact with the

prototype allowed the research to confirm that the grounded design

effectively addressed real-world needs, while also providing insights

for further refinement.

Overall, this research established a framework for grounding de-

sign in practical implementation, linking computational methods

with HCI principles, and validating through two complementary
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user groups. By integrating computational learning exploration with

human-centred evaluations to conclude a design, the thesis provides

evidence for the value of emphasising discourse-level insights in

social media analysis in decision-making contexts. The work con-

tributes both a methodological approach and a validated interactive

prototype that demonstrates how computational methods and human

expertise can collaborate to support complex analytical tasks.

9.2 main contributions

This thesis makes the following contributions:

1. Bridging NLP computational methods with HCI design principles.

The conceptualisation of a design was achieved through obtain-

ing how the discursive nature of social media and the limita-

tions of NLP models identified through a stance detection study

can inform the design of computational tool to better support

decision-making.

2. An interactive design prototype – DiscourseDash. This thesis

presents the design and implementation of a working inter-

active prototype that integrates HCI principles with computa-

tional methods to operationalise transparency and accountabil-

ity in social media analysis. The novelty of the design lies in

its emphasis on discourse-level analysis to improve contextual

understanding, in contrast to existing tools that primarily rely

on aggregated visual summaries.

3. Evidence-based validation through human experiences for general

applicability. Using established HCI evaluation methods, this

work provides empirical evidence on how access to discourse-

level context supports users’ decision-making processes. A user

study with general users offers a comparative baseline for un-

derstanding how a design for decision-making shapes interac-

tions with discourse-level analytical tools.
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4. Real-world applicability implications for discourse-level analytical

tools. This thesis identifies key insights into the alignment and

misalignment between automated analytical outputs and ex-

perts’ real-world practices. These findings inform: (1) design

implications to better support the decision-making needs of pro-

fessional communicators, as defined in Section 2.1.2; and (2)

broader methodological and design insights for the research

communities.

These contributions are summarised as follows.

9.2.1 Bridging NLP computational methods with HCI design principles

The thesis demonstrates how technical limitations, e.g., the challenges

of data scarcity and model uncertainty, can inform user-centred de-

sign decisions. This was achieved by first gaining a practical under-

standing of how computational learning performs in practice to es-

tablish a framework that incorporates the discursive nature of social

media into the model’s learning process. By bridging the gap between

HCI design principles and computational methods, this exploration

aims to devise a design motivated by a practical implementation of

computational methods. This approach prioritises the purposeful ap-

plication of these ideas over simple technical iteration to better serve

the needs of practitioners.

This resulted in the development and evaluation of a computa-

tional framework for stance detection under data-limited conditions,

which are commonly observed in practical computational learning

scenarios (see Section 3.2.1.2). The study compared several data aug-

mentation strategies, ranging from target-topic-specific augmenta-

tion to traditional word-level approaches and an LLM-based prompt-

generation method using both a low-cost GPT-2 model and the more

advanced Gemma-2 model. The research highlighted the importance

of contextual knowledge from social media discourses by demonstrat-

ing its impact on the performance of NLP models for stance detection.
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The main contribution of this practical implementation lies in its

integration of computational exploration with design-oriented con-

siderations. Having grounded the interactive design in empirical ev-

idence, we demonstrated that the design is scoped within practical

considerations rather than relying on theoretical assumptions. This

approach also presents transparency in the design process by show-

ing how data-driven insights can inform design decisions. Within the

scope defined by this thesis, we have demonstrated that approaches

which emphasise the surrounding discourse context can be iteratively

refined in response to emerging patterns. This addresses the differ-

ence in how they are better suited to capturing the dynamic nature

of social media.

However, the use of LLMs requires refinement and adaptation

when applied to domains where there is a lack of sensitivity to the

evolving linguistic practices that characterise social media (Huang

et al., 2025). It should be noted, however, that the aspect addressed

in this thesis represents only a foundational investigation into this

broader problem. Through this study, we confirmed that when de-

signing interactive systems, it is important to account for computa-

tional learning tasks that involve complex linguistic patterns and ad-

vanced language capabilities. Building on these findings, the study

uses them to inform the design goals for an interactive social media

analysis tool. So first, the findings highlight the value of discourse-

level information in computational social media analysis. Secondly,

the insights observed from the study motivated the development of

an interactive design aimed at supporting decision-making.

9.2.2 An interactive design prototype - DiscourseDash

The computational learning studies presented in this thesis (Chapter

4) directly informed the design of an interactive tool for analysing

social media discourses. The resulting prototype uses the NLP study

as a bridge toward the design’s rationale to emphasis the focus on
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a transparent view of automated analysis. As most exising design

focuses on technical affordably, our approach in deisgn instead, di-

rectly addresses the ambition of shifting from achieving sophisticated

model outputs alone to the design of human-centred interfaces that

better support the interpretation and application of those outputs.

The prototype and walkthrough of the design DiscourseDash is

presented in Chapter 5. In that same chapter, we outlined how in-

sights from the computational study in Chapter 4 were translated

into design goals that shaped the analytical components and design

rationale of the interactive tool. These components were expanded

into visual and functional prototypes guided by principles from user-

centred design.

The prototype design was then evaluated through two distinct stud-

ies targeting different user groups with different goals and experi-

mental designs. The first study (Chapter 6) involved non-expert uni-

versity participants with no prior experience in social media analysis.

This study examined their experiences in using DiscourseDash and

engaging with unstructured social media data for decision-making

tasks to provide an initial foundation for the design. It validated

the prototype by extending the researcher’s initial conceptualisation

through user feedback supported by mixed-method analysis. In the

respect of design, the study has shown that: general users preferred to

navigate social media analysis through DiscourseDash complemented

by analytical insights from discourses because it supported their trust

and articulation of decisions around observations within discourse-

level insights.

The second study (Chapter 7) involved participants who were in-

dustry experts with experience in social media analysis to explore

how DiscourseDash aligns with their experiences and workflows. This

not only bridged DiscourseDash with real-world applicability, but it

also documented experts’ current perceptions of their workflow. This

study focused on social media discourses to highlight their signifi-

cance for future research in social media analysis. In the respect of

design, the study has shown that: the study revealed that experts val-
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ued DiscourseDash because it complemented their existing workflows

and highlighted the limitations of these workflows, which rely on a

combination of manual and automated methods to obtain discourse-

informed insights.

Overall, DiscourseDash’s design offers concise and summarised

views that enable users to interpret information effectively and make

informed decisions. Even more so, presenting discourse-level analy-

sis in depth enhances transparency and reasoning, allowing users to

form their own interpretations and identify potential discrepancies.

The contribution of this design is significant because it demonstrates

how computational insights can inspire a practical design and be ap-

preciated by human users. DiscourseDash achieves a balance between

analytical depth and enables users to engage with discourse-level

analysis with high-level summarised visualisations. This research

also provides a foundation for future interactive systems in social

media analysis by illustrating how empirical evidence can guide de-

sign iterations and ensure that tools remain aligned with user needs

and real-world workflow limitations.

9.2.3 Evidence-based validation through human experiences for general ap-

plicability

The thesis formulated a conceptual design focused on discourse-level

contexts, which is an area previously unexplored through direct user

interaction, can facilitate complex decision-making processes. By first

conducting a foundational study with general users (see Chapter 6),

this research establishes a comparative baseline for the research com-

munities. The user study was designed according to established qual-

itative and quantitative methods; the derived evidence-based valida-

tion grounds the findings of this thesis within human experiences.

This contribution makes sure that the design is driven by human

needs rather than technical capability alone through perceptions of

real-world users.
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In HCI research, evaluating a system with general users during

early stages of development helps determine whether the design

aligns with its intended decision-making purposes for social me-

dia analysis. This study provides a supplementary perspective to a

researcher’s formulated design. The prior computational study on

stance detection informed the pre-design phase, while this mixed-

method evaluation study represents a prerequisite post-design evalu-

ation before expert evaluation.

As mentioned previously, these general users were not experienced

in any social media analysis work. The experiment was designed

based on use-case scenarios inspired by journalistic workflows to

guide interactions on two conditions (1) DiscourseDash, (2) an unstruc-

tured social media platform. The purpose of this study design is to

present the measured and compared effectiveness and interactive ex-

periences around the given decision-making tasks for social media

analysis of discourses. Through this approach, the study investigated

how individuals without prior expertise in social media analysis en-

gaged with the DiscourseDash and performed tasks that simulated

real-world decision-making processes.

The integration of quantitative and qualitative methods from this

study eventually generated empirical evidence that grounded the

design rationale in actual user experiences. The findings indicate

that DiscourseDash, which integrates analyses of harmfulness, stance,

sentiment, and popularity, effectively supports decision-making by

analysing social media discourses. Furthermore, our study empha-

sises that trust and transparency remain crucial in exploring the roles

and influence of human-AI collaborations. The findings also under-

scored how general users interpreted different features to guide their

decision-making processes. At the same time, the evaluation outlined

implications that guide future iterations of the design in interpreting

automated outputs.

These findings contributed to HCI and social media research by

showing how computationally informed design can bridge the gap

between complex analytical models and end-user decision-making.
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We confirmed the potential of discourse-level insights in supporting

social media analysis around decision-making. A broader contribu-

tion of the study is how it demonstrated the importance of user-

centred evaluation in the design of interactive systems. First, it val-

idates the initial hypothesised features that were compiled together

in DiscourseDash, second, it also provides implications for future re-

finements and innovation.

9.2.4 Real-world applicability implications for discourse-level analytical

tools

This thesis emphasises the application of existing approaches by fo-

cusing on the real-world decision-making needs of practitioners such

as professional communicators. It addresses critical challenges in so-

cial media analysis by examining how discourse-level insights can be

operationalised within interactive analytical tools to better support

practical decision-making.

The main contribution lies in synthesising empirical findings into

a set of actionable recommendations for future analytical systems.

These implications are grounded in a expert user study on top with

a previous general user study to reveal that current analytical efforts

often fail to facilitate actionable support. By addressing these gaps,

this work provides a roadmap for translating HCI research into prac-

tical impact within professional communication and decision-making

contexts.

Extending the previous investigation, this contribution includes an

evaluation of DiscourseDash in a real-world professional context. We

conducted structured interviews with industry experts in social me-

dia analysis to align DiscourseDash more closely with real-world work-

flows. This study was designed to qualitatively assess the tool’s rele-

vance for professional practice, focusing on its alignment with exist-

ing workflows and potential areas for improvement. Whereas the pre-

vious study (see Chapter 6) established a foundational understand-
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ing of how general users interact with discourse-level features for

scenario-based decision-making tasks, this study focused on experts,

who routinely face the challenges of managing large-scale social me-

dia analysis. The purpose of the study was to obtain the perceived

value and limitations of DiscourseDash within a real-world perspec-

tive for outlining implications for the design.

This study revealed that most experts were optimistic about the

potential of discourse-level insights for supporting their analysis

workflow. These experts demonstrated how the core concept of Dis-

courseDash aligned with their workflows due to the value of contex-

tualising summarised visual analyses with discourse insights, and

how the demand for it better supports actionable outputs in their

workflow. However, we also identified several design considerations

that need to be addressed before the tool can achieve real-world ap-

plicability. These findings not only reinforce the tool’s relevance but

also help synthesise practical expectations for its future development

through formulated implications from experts. The perspectives gath-

ered from industry participants were particularly valuable in guiding

refinements to DiscourseDash. This is because experts were able to

highlight aspects of the tool that aligned with their existing practices,

confirming the applicability of discourse-level analysis for supporting

strategic decision-making. A more important aspect is how the gath-

ered perceptions help this research identify challenges in integrating

discourse-level analyses into established workflows.

This contribution has broader implications for the design of real-

world analytical systems. The knowledge and insights rooted within

these domain expertise introduced multiple overlooked perspectives

during the design process. Hence, these experts’ insights were a con-

tinuous source of knowledge that shaped the development of Dis-

courseDash. From a broader perspective within HCI, the study demon-

strates the value of combining human expertise with computational

insights in interactive systems by bridging the gap between compu-

tational development and professional application. All being said, it

reinforces the central argument of this thesis in that discourse-level
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perspectives provide a better support for decision-making in social

media contexts.

9.3 critical reflections

While our study provided valuable insights for developing the Dis-

courseDash, several limitations must be acknowledged.

First, the general user study primarily involved university staff and

students. While this group provided useful feedback on the overall

design concept, it may not fully reflect the perspectives of broader

general user populations, such as users outside academia or those dif-

fering in age, profession, or technical experience. Similarly, the expert

study included a small sample relative to the wider field of social

media analysis. These limitations restrict the generalisability of the

findings and highlight the need for broader participant recruitment

to capture a more diverse range of experiences and perspectives.

Second, the general user study participants’ familiarity with Red-

dit was not measured. This may have influenced their ability to ob-

jectively assess the features and benefits of DiscourseDash. Even so,

Reddit was selected as a baseline platform due to its widespread use

and recognisable threaded structure, which participants commonly

encounter in personal and professional contexts. Hence, this limita-

tion is worth noting but does not undermine the study’s focus on

comparative perceptions and user experiences. The observed differ-

ences likely reflect natural variability in engagement with unstruc-

tured social media content in real-world settings.

Third, using Reddit as a proxy for unstructured social media dis-

course limits the study because the platform’s community norms, in-

teraction styles, and user demographics may not represent the diver-

sity of behaviours across other social media platforms. Additionally,

practical data constraints such as deleted or private posts, API rate

limits, and incomplete historical data restrict access to the full corpus.

These limitations, however, do not affect the main findings of our user
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studies, as the transferable contributions relate to demonstrating the

broader relevance of the design and HCI principles explored in this

thesis.

Finally, our research focused only on text-based interactions that

naturally guided the selection of Reddit as the baseline platform due

to its primarily threaded discourse structure. Although this focus

aligns with the analysis of unstructured textual discourses, it does

not fully represent the broader nature of social media. This is be-

cause when considering the broader nature, content modalities such

as images, videos, and other multimodalities play a significant role

as well in social media analysis.

9.4 future work

Building on the reflections and limitations discussed in the previous

section, several areas for future work are apparent. These recommen-

dations are scoped to the current proof-of-concept study while sug-

gesting opportunities for broader investigation.

• Conducting ethnographic studies to observe how users interact

with social media analysis in real-world decision-making con-

texts. Such studies can uncover detailed routines, strategies, and

challenges that may be missed in controlled experiments. By un-

derstanding expert users’ day-to-day practices, researchers can

explore how DiscourseDash performs within existing workflows,

identify potential friction points, and improve understanding

as to how it supports decision-making tasks in ways that align

with the natural daily routines of expert users.

• Conducting longitudinal studies within real-world deployments to

examine sustained user engagement and evolving experiences

with DiscourseDash. This includes investigating long-term usage

patterns and actual workflow integration to assess the tool’s on-

going relevance and practical impact. Iterative design processes

involving continuous stakeholder collaboration can refine fea-
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tures and adapt the tool to evolving needs for documenting its

continued intended impact in supporting decision-making over

time.

• Incorporating multimodal content to identify patterns and insights

that are not obvious from text alone. The current study focused

on text-based interactions, but the nature of social media is mul-

timodal. Future research should extend analyses to include im-

ages, videos, and other media. This will inform the design of

tools capable of integrating heterogeneous social media content.

• Cross-platform evaluation can reveal variations in user interac-

tions and outcomes by providing an extended understanding

than focusing on a single platform such as Reddit. An addi-

tional note to that is that measuring participants’ prior expe-

rience with different platforms can help account for variability

in engagement and ensure that observed outcomes reflect the

tool’s design with prior familiarity.

• Expanding recruitment profiles to include diverse user groups, pro-

fessions, sectors, and geographical locations. This will support a

better understanding by performing a comparison across differ-

ent contexts of use and improving the generalisability of design

decisions.

These recommendations were devised based on the feedback and re-

view received throughout this research. They provide a foundation

for future work in areas of research that can extend the focus of this

multidisciplinary investigation.
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a.1 preliminary data augmentation experiments

a.1.1 Motivation

A preliminary experiment was conducted to investigate the impact

of word-level data augmentation on stance detection. All annotations

are against (0), neutral (1), and in favour (2). The goal is to exam-

ine how traditional augmentation performs in different subsampled

dataset sizes.

a.1.2 Data Augmentation Methods

We focused on widely used word-level augmentations, which trans-

form an original text x into augmented samples xaug. The methods

included:

• Random Insertion (RI): Insert a synonym of a randomly se-

lected word using WordNet.

• Random Deletion (RD): Randomly remove words from the

text.

• Random Swapping (RS): Swap positions of words randomly.

• Synonym Replacement (SR): Replace words with WordNet

synonyms.

• Contextual Substitution (CS) and Contextual Insertion (CI):

Replace or insert words using a pre-trained BERT model.

243
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• Easy Data Augmentation (EDA): Combines RI, RD, RS, and SR

(Wei and Zou, 2019).

• Back-Translation (BT): Translate to German and back to En-

glish (Tiedemann and Thottingal, 2020).

a.1.3 Datasets

We evaluated augmentation methods on three publicly available

stance detection datasets:

• COVID-19 Vaccination Stance Detection (Cotfas et al., 2021). Hy-

drated via Twitter API in 2022; some tweets were unavailable

due to deletion.

• SemEval-2016 Stance Dataset (Mohammad et al., 2016), cover-

ing multiple topics including Hillary Clinton, Feminist Move-

ment, and Legalisation of Abortion. The Climate Change is a

Real Concern topic was excluded due to severe class imbalance.

• Twitter Stance Election-2020 (Kawintiranon and Singh, 2021),

containing tweets related to the 2020 U.S. Election candidates

Joe Biden and Donald Trump.

a.1.4 Results

To answer our research questions, we evaluated performance changes

in F1-score across dataset sizes (75, 300, and 600 samples) between

these augmentation methods and the dataset’s topic. Figure 23 com-

pares the performance of each augmentation method against no aug-

mentation. Results indicate that augmentation generally improves

performance for smaller datasets (75 and 300 samples). For larger

datasets (600 samples), improvements are minimal for some methods,

and in certain cases, performance decreases.
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Figure 23: Bar graph comparing the impact of augmentation methods when

applied versus when none are applied.

Figure 24 presents boxplots of performance improvements by topic.

We observed that smaller datasets benefit more substantially from

augmentation, while larger datasets experience diminished gains.

This aligns with the expectation that augmentation is most effective

when training data is limited.
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Figure 24: Box plots comparing the performance improvements of different

augmentation methods across training set sizes.
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a.1.5 Conclusion

Across datasets and sample sizes, EDA consistently achieves compet-

itive performance. While methods like BT can sometimes outperform

EDA, EDA is simpler and computationally efficient. Its combination

of four basic word-level operations (RI, RD, RS, SR) makes it repre-

sentative of the traditional augmentation method in Chapter 4. This

serves as a baseline for comparing more advanced augmentation tech-

niques in stance detection tasks.

a.2 questionnaires

These questionnaires were used in Chapter 6 for collecting quantita-

tive data from participants.

• DiscourseDash condition (see Figure 25, 26).

• Reddit condition (see Figure 27, 28)
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* Required

Questionnaire for DiscourseDash
Please answer the following questions as accurately as possible.

How easy or difficult was it to identify a topic to prioritize using the provided method? * 1.

Very easy Easy Neutral Difficult Very difficult

To what extent do you agree or disagree with the following statements?  * 2.

Strongly disagree Disagree Neutral Agree Strongly agree

Rate the
question.

The
harmfulness
label was a
useful
indication.

The stance
analysis helped
me to
understand the
importance of
each topic.

The sentiment
analysis helped
me to
understand the
importance of
each topic.

The popularity
analysis helped
me to prioritise
one topic over
the other.

Investigating
discourses with
labels helped
me to identify
key factors for
different
stances and
sentiments on a
specific topic.

Figure 25: Questionnaire for DiscourseDash condition (page 1).
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This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms

To what extent do you agree or disagree with the following statements about the usability of 
the dashboard? *Evaluate in terms of the dashboard's usability not towards achieving the 
task. * 

3.

Strongly disagree Disagree Neutral Agree Strongly agree

I think that I
would like to
use this system
frequently.

I found the
system
unnecessarily
complex.

I thought the
system was
easy to use.

I think that I
would need the
support of a
technical
person to be
able to use this
system.

I found the
various
functions in this
system were
well integrated.

I thought there
was too much
inconsistency in
this system.

I would imagine
that most
people would
learn to use this
system very
quickly.

I found the
system very
cumbersome to
use.

I felt very
confident using
the system.

I needed to
learn a lot of
things before I
could get going
with this
system.

Figure 26: Questionnaire for DiscourseDash condition (page 2).
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* Required

Questionnaire for Reddit
Please answer the following questions as accurately as possible.

How easy or difficult was it to identify a topic to prioritize using the provided method? * 1.

Very easy Easy Neutral Difficult Very difficult

Rate the
question.

Figure 27: Questionnaire for Reddit condition (page 1).
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This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms

To what extent do you agree or disagree with the following statements about the usability of the Reddit 
website? *Evaluate based on the website's usability in general, not towards achieving the described task. * 

2.

Strongly disagree Disagree Neutral Agree Strongly agree

I think that I
would like to
use this system
frequently.

I found the
system
unnecessarily
complex.

I thought the
system was
easy to use.

I think that I
would need the
support of a
technical
person to be
able to use this
system.

I found the
various
functions in this
system were
well integrated.

I thought there
was too much
inconsistency in
this system.

I would imagine
that most
people would
learn to use this
system very
quickly.

I found the
system very
cumbersome to
use.

I felt very
confident using
the system.

I needed to
learn a lot of
things before I
could get going
with this
system.

Figure 28: Questionnaire for Reddit condition (page 2).

a.3 consent procedures

All participants provided informed consent before their participation.

For general user participants in Chapter 6, consent was obtained
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through a digital document exchange via email or Microsoft Teams

messages. In industry expert participants in Chapter 7, consent was

obtained as part of the scheduling form before interview confirma-

tion. Figure 29 presents an example of the consent forms. Addition-

ally, verbal confirmation of consent was obtained at the beginning of

each study session.
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(v.9 August 2022) 

School of Computer Science 

University of Nottingham 

Section B. Information to be provided to research participants  

PROJECT TITLE: User Study on Prototype Tool 

1. The research  

a) Aims and objectives of the research 

As part of my PhD research at the University of Nottingham, I have developed an initial 

prototype for a dashboard tool. The goal is to gather insights from experts on their existing 

workflows and obtain feedback on the tool to enhance its effectiveness and alignment with 

real-world needs. 

b) Funder information 

Engineering and Physical Sciences Research Council [grant number EP/V00784X/1] 

c) Governance 

This research has been approved by the School of Computer Science Research Ethics 

Committee (CS REC), ethics application ID CS-2023-R61 

 

2. Taking part in the research 

Participants will be instructed to complete a series of simple tasks on the designed 

prototype. Following this, I will ask a set of questions aimed at evaluating the participants’ 
experiences interacting with the prototype. Additionally, I will collect any feedback 

participants may have regarding their interaction. 

The interview will be screen and audio recorded for analysis, which is necessary to 
accurately capture and report the interview results in my research. All data collected will be 

anonymised to protect participants’ identities. 

The interview is expected to take approximately 45 minutes and will be conducted online 

via Microsoft Teams. 
 

3. Risks of participation  

a) Risks  

There is always a risk of unauthorised access to data. 

b) Mitigation of risks 

See section 5 for the measures we put in place to mitigate the risk of unauthorised access. 

 

4. Purpose of data processing 

a) Data collected 

We collect the following categories of data during your participation in the research: 

Figure 29: An example of the consent form (page 1).
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Interview Data: This includes audio recordings of the interviews.  

Screen Recorded Data: This involves screen share recordings of the tool in use, captured via 

Teams calls. 

b) Specific purposes for which the data are processed 

Data collected during the research that identifies you may be:  

• Analysed to meet the aims and objectives described in Section 1.  

• Reviewed and discussed in supervision sessions between researchers and their 

supervisors or in research meetings between members of the research team, including 

project partners. 

• If audio recordings are collected during the research, these may be transcribed and 

anonymous quotations of your spoken words may be used in scientific works, including 
presentations, reports and publications stored in databases and posted online, and in 

marketing materials that promote the research and its findings. 

c) Automated decision-making and profiling 

N/A 

d) Legal basis for processing your data 

We collect personal data under the terms of the University of Nottingham’s Royal Charter 

and in our capacity as a teaching and research body to advance education and learning. We 
thus process your data on the legal basis that our research is in the public interest, we have 

legitimate interests and / or that you consent to data processing in freely and voluntarily 

participating in our research activities.  

 

5. Storage and retention of your data 

a) Data protection measures  

We put the following organisational and / or technical safeguards in place to protect your 

data and your identity to the best of our ability:  

i) All data stored digitally will be encrypted and password protected and all physical data will 

be stored in a secure location.  

ii) Participants will only be identified by a unique code. Interview recordings will be 
transcribed. Any identifiable information will be removed from the transcripts before 

analysis. All original recordings will be deleted after analysis. 

b) Retention period 

Data protection law allows us to retain personal data for an indefinite period and use it in 

future for public interest, scientific or historical research purposes or statistical purposes, 
subject to the implementation of technical and organisational measures that safeguard your 

data, your legal rights and your freedoms. These safeguards include the storage measures 
described above to protect your data against unauthorised access, and de-identification 

(anonymisation or pseudonymisation) of your data wherever possible and practicable. Data 

that identifies or could identify you will not be made public without your consent.  

 

6. Third party recipients, services and data transfers 

a) Project partners 

Your data will not be shared with others 

b) Third-party services  

N/A 

Figure 30: An example of the consent form (page 2).
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c) Data transfers 

Your data will not be transferred to another country 

 

7. Your legal rights 

Data protection rights (Data Protection Act 2018) 

You have the right:  

• To be informed about the collection and use of personal data (as per this document).  

• To access and receive a copy of your personal data, and other supplementary 

information, on request. 

• To object to and restrict data processing if you think we are not complying with data 

protection law, and to rectify inaccuracies. 

• To be forgotten, i.e., to have your personal data erased.  

• To data portability and to obtain your data in an accessible and machine-readable 
format if appropriate, or to transfer your data to another organisation if technically 

feasible. 

• To complain to about the way we process your personal data to our ethics committee 

(cs-ethicsadmin@cs.nott.ac.uk), our Data Protection Officer (dpo@nottingham.ac.uk) 

or the Information Commissioner’s Office (https://ico.org.uk/make-a-complaint).* 

 

 

8. Your ethical rights 

a) Right to withdraw  

You have the right to withdraw from the research at any time without explanation. You also 

have the right to request that your data be deleted if you do withdraw. 

b) Handling of ‘mixed’ data  

If the data is ‘mixed’ data – i.e., if it involves other people (not including the researchers), 

e.g., a conversation or video of multi-party interaction – it cannot be deleted unless all 

parties request it. However, any mixed data involving you will be redacted wherever 
possible, with the exception of scientific works produced prior to your notification of 

withdrawal.  

c) Withdrawal procedure 

If you wish to withdraw, please notify researcher insert your name and email address 

If you do not receive confirmation of withdrawal from the research, please email cs-

ethicsadmin@cs.nott.ac.uk 

 

9. Consent to participate  

a) I consent to participate in the research and my signature or 

mark confirms the following: 

• I understand the aims and objectives of the research  

• I understand what the research requires me to do  

• I accept the risks of participation 

Signature or mark: 

 

 
* Our DPO’s postal address is Data Protection Officer, Legal Services, A5 Trent Building, University of Nottingham, 

University Park, Nottingham NG7 2RD. 

Figure 31: An example of the consent form (page 3).
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• I understand what data will be collected and the purposes for 

which the data will be used 

• I understand safeguards will be put in place to protect my data 
and my legal rights 

• I understand I will not be identified unless the use of identifiable 
data has been requested and I consent to it 

• I understand that I can withdraw at any time without 

explanation 

• I have been able to ask questions about the research, my 

participation, and my data and my questions have been 

answered satisfactorily  

• I agree to participate and my participation is voluntary 

b) Opt out. I do not consent to use of my visual image in scientific 

works or materials that promote the research and its results 

Signature or mark: 

 

Name of participant(s)  

Date  

Witness 

If participant(s) cannot sign 

 

In signing I confirm the participant(s) named above have been fully informed 

about the research, have been able to ask questions, and consent freely.  

 

Figure 32: An example of the consent form (page 4).

a.4 recruitment procedures

a.4.1 General users

• Platform: Microsoft Teams (institutional research groups).

• Eligibility: Open to all interested users; no screening applied.

• Process:

1. Recruitment post shared internally (see Figure 33).

2. Participants completed an interest form (see Figure 36 &

37).

3. All respondents were invited to schedule an interview via

email/Teams’ message.

a.4.2 Industry experts

• Platforms: LinkedIn and Prolific.
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• Eligibility: Participants were required to demonstrate relevant

professional experience through a screening questionnaire.

• Process:

1. Recruitment materials were disseminated via a LinkedIn

post (see Figure 34) and a targeted survey on Prolific (see

Figure 35).

2. Interested individuals were invited to complete a screening

questionnaire for assessing their eligibility (see Figure 38 &

39).

3. Respondents meeting the eligibility criteria outlined in Sec-

tion A.4.3 were invited for participation.

4. Eligible participants received personalised invitations to

schedule an interview session (see Section 43).

a.4.3 Conditions to filter experts

1. Must have professional experience in analysing social media dis-

courses, either

2. independently or as part of a team that uses such analysis for

decision-making.

3. Must be involved directly in analysing social media discourses

in their role to achieve specific objectives within their respective

industries.

4. Must have at least two or more of the following objectives in

their role:

a) To monitor and manage brand reputation;

b) To evaluate audience sentiment and engagement;

c) To identify emerging trends or topics for strategy develop-

ment;

d) To assess the effectiveness of marketing or communication

campaigns;
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e) To consult decision-making in policy, public relations, or

media strategies;

f) For crisis management;

a.4.4 Recruitment materials

Platform-specific recruitment materials were designed and shared to

target appropriate participant groups.

• Microsoft Teams post (see Figure 33) was used for Chapter 6.

• LinkedIn post (see Figure 34) and Prolific (see Figure 35) ad

were used for Chapter 7.

Figure 33: Recruitment post for general users shared via Microsoft Teams.
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Figure 34: Recruitment post targeting experts shared on LinkedIn.

Figure 35: Prolific recruitment advertisement for experts.

a.4.5 Interest forms

This section includes two interest forms for recruiting participants:

• Figure 36, 37 was used in Chapter 6.

• Figure 38, 39, 40, 41, 42 was used in Chapter 7.
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* Required

Dashboard tool user study participation form

Please fill the form to inform me your interest in participating in my user study, thank you!.

Please enter your name: * 1.

Please enter your email address: * 2.

Monday

Tuesday

Wednesday

Thursday

Friday

Other

Please check all options that apply. 

Please indicate your preferred day(s): * 3.

9:00am - 10am

10am - 11am

11am - 12pm

12pm - 1pm

1pm - 2pm

2pm - 3pm

3pm - 4pm

4pm - 5pm

5pm - 6pm

Other

Please check all options that apply. 

Please indicate your preferred times(s): * 4.

Figure 36: Interest form for general user participants (page 1).
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This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms

In-person 

Online via Teams

Don't mind

Preferred method of participation:
 * 

5.

If you have specific comments or additional availability details, please mention them below:6.

Figure 37: Interest form for general user participants (page 2).
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* Required

A survey about your professional experience

Thank you for your interest! Please select the option that best describes your professional experience to help me understand your 
professional background and determine your eligibility for my interview study. 

About you

(Please ensure this is correct for us to contact you for further details)

Email * 

Analyst/ Specialist

Manager

Strategist

Advisor

Investigator

Other

Which of the following best describes your current role? * 

Less than 3 year

3-10 years

10-20 years

20+ years

How many years of experience do you have in your current profession? * 

Figure 38: Interest form for industry experts participants (page 1).
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Marketing, Branding, and Public Relations

Journalism, Media, Communications

Policy, Government, Politics

Healthcare

Technology

Other

Which industry or sector do you work in? * 

Yes, my role is focused on analysing social media discussions for decision-making.

Yes, I occasionally analyse social media discussions for decision-making.

No, analysing social media discussions is not part of my role.

Does your role involve analysing social media discussions to support decision-making or achieve specific 
objectives? * 

Figure 39: Interest form for industry experts participants (page 2).

Follow up question(s)

To monitor and manage brand reputation

To evaluate audience sentiment and engagement

To identify emerging trends or topics for strategy development

To assess the effectiveness of marketing or communication campaigns

To consult decision-making in policy, public relations, or media strategies

For crisis management 

Other

(Please select all that apply)

How do you use social media data (e.g., posts, comments, discussions) in your work?  * 

Figure 40: Interest form for industry experts participants (page 3).
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Follow up question(s)

Yes

No

Do you work closely with people who analyse social media discussions as a part of their job? * 

(For example: I consult with others who analyse social media in their workflow)

Can you elaborate on your experience to help us better understand your role? * 

Figure 41: Interest form for industry experts participants (page 4).

This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms

Final question

Yes

No

This will be a 45-minute online interview session with a compensation of a £20 Amazon Voucher. You are required to enable your
webcam, video and voice recording.

Would you be willing to participate in a follow-up interview to discuss your experience in analysing social 
media discussions for decision-making workflows? * 

Can you provide a LinkedIn profile or any other profile that verifies your profession? * 

Figure 42: Interest form for industry experts participants (page 5).

a.4.6 Scheduling and follow-up procedures

Following the expression of interest or successful screening, partici-

pants were guided through a scheduling process according to the re-

cruitment platform. Communications included consent information

and instructions for selecting an interview slot. General user partici-

pants were contacted via Microsoft Teams or email to arrange inter-
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view times. Selected industry expert participants were contacted via

personalised email with a scheduling link (see Figure 43). For Pro-

lific, qualified experts received an invitation to complete a follow-up

survey with scheduling instructions (see Figure 44, 45).

Figure 43: Example of email invitation sent to qualified LinkedIn experts.

Figure 44: An invitation survey posted via Prolific to selected experts (part

1).
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Figure 45: An invitation survey posted via Prolific to selected experts (part

2).
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Elmas, Tuğrulcan, Selim Stephane, and Célia Houssiaux (2023). “Mea-

suring and Detecting Virality on Social Media: The Case of

Twitter’s Viral Tweets Topic.” In: Companion Proceedings of the

ACM Web Conference 2023. WWW ’23 Companion. Austin, TX,

USA: Association for Computing Machinery, pp. 314–317. isbn:

9781450394192. doi: 10.1145/3543873.3587373.

Endert, Alex, William Ribarsky, Cagatay Turkay, BL William Wong,

Ian Nabney, I Díaz Blanco, and Fabrice Rossi (2017). “The state of

the art in integrating machine learning into visual analytics.” In:

Computer Graphics Forum. Vol. 36. Issue: 8. Wiley Online Library,

pp. 458–486. doi: 10.1111/cgf.13092.

Epstein, Ziv, Matthew Groh, Abhimanyu Dubey, and Alex Pentland

(Oct. 2021). “Social Influence Leads to the Formation of Diverse

Local Trends.” In: Proc. ACM Hum.-Comput. Interact. 5.CSCW2.

doi: 10.1145/3479553.

Ericsson, K Anders, Robert R Hoffman, Aaron Kozbelt, and A

Mark Williams (2018). The Cambridge handbook of expertise and

expert performance. Cambridge University Press. doi: 10 .1017 /

9781316480748.

https://doi.org/10.1080/23808985.2019.1602782
https://doi.org/10.1145/3411764.3445188
https://doi.org/10.1007/978-3-030-60117-1_33
https://doi.org/10.1007/978-3-030-60117-1_33
https://doi.org/10.1145/3543873.3587373
https://doi.org/10.1111/cgf.13092
https://doi.org/10.1145/3479553
https://doi.org/10.1017/9781316480748
https://doi.org/10.1017/9781316480748


278 bibliography

Evolvi, Giulia (2018). “Hate in a tweet: Exploring internet-based is-

lamophobic discourses.” In: Religions 9.10, p. 307. doi: 10.3390/

rel9100307.

Feigh, Karen M., Michael C. Dorneich, and Caroline C. Hayes (Dec.

2012). “Toward a Characterization of Adaptive Systems: A Frame-

work for Researchers and System Designers.” en. In: Human

Factors: The Journal of the Human Factors and Ergonomics Society

54.6, pp. 1008–1024. issn: 0018-7208, 1547-8181. doi: 10.1177/

0018720812443983.

Fernando, K. Ruwani M. and Chris P. Tsokos (July 2022). “Dy-

namically Weighted Balanced Loss: Class Imbalanced Learn-

ing and Confidence Calibration of Deep Neural Networks.” In:

IEEE Transactions on Neural Networks and Learning Systems 33.7,

pp. 2940–2951. issn: 2162-237X, 2162-2388. doi: 10.1109/TNNLS.

2020.3047335.

Flintham, Martin, Christian Karner, Khaled Bachour, Helen Creswick,

Neha Gupta, and Stuart Moran (Apr. 2018). “Falling for Fake

News: Investigating the Consumption of News via Social Me-

dia.” In: Proceedings of the 2018 CHI Conference on Human Factors

in Computing Systems. Montreal QC Canada: ACM, pp. 1–10. doi:

10.1145/3173574.3173950.

Fortuna, Paula and Sérgio Nunes (July 2018). “A Survey on Auto-

matic Detection of Hate Speech in Text.” In: ACM Comput. Surv.

51.4. issn: 0360-0300. doi: 10.1145/3232676.

Frederick, Jennifer K. (Jan. 2021). When to ask (or not ask) demographic

questions. Available at: https://sr.ithaka.org/blog/when-to-

ask-or-not-ask-demographic-questions/. (accessed May 16,

2025).

Friedman, Milton (Dec. 1937). “The Use of Ranks to Avoid the As-

sumption of Normality Implicit in the Analysis of Variance.” en.

In: Journal of the American Statistical Association 32.200, pp. 675–

701. issn: 0162-1459, 1537-274X. doi: 10.1080/01621459.1937.

10503522.

https://doi.org/10.3390/rel9100307
https://doi.org/10.3390/rel9100307
https://doi.org/10.1177/0018720812443983
https://doi.org/10.1177/0018720812443983
https://doi.org/10.1109/TNNLS.2020.3047335
https://doi.org/10.1109/TNNLS.2020.3047335
https://doi.org/10.1145/3173574.3173950
https://doi.org/10.1145/3232676
https://sr.ithaka.org/blog/when-to-ask-or-not-ask-demographic-questions/
https://sr.ithaka.org/blog/when-to-ask-or-not-ask-demographic-questions/
https://doi.org/10.1080/01621459.1937.10503522
https://doi.org/10.1080/01621459.1937.10503522


bibliography 279

Garmur, Matt, Gary King, Zagreb Mukerjee, Nate Persily, and Bran-

don Silverman (2019). CrowdTangle Platform and API. doi: 10 .

7910/DVN/SCCQYD. (Visited on 05/20/2025).

Giacomin, Joseph (2014). “What Is Human Centred Design?” In: The

Design Journal 17.4, pp. 606–623. issn: 1460-6925. doi: 10.2752/

175630614X14056185480186.

Golafshani, Nahid (2003). “Understanding reliability and validity in

qualitative research.” In: The qualitative report 8.4, pp. 597–607. doi:

10.46743/2160-3715/2003.1870.

Goldzycher, Janis and Gerold Schneider (Oct. 2022). “Hypothesis En-

gineering for Zero-Shot Hate Speech Detection.” In: Proceedings of

the Third Workshop on Threat, Aggression and Cyberbullying (TRAC

2022). Gyeongju, Republic of Korea: Association for Computa-

tional Linguistics, pp. 75–90.

Goodman, Joy, Patrick Langdon, and P. John Clarkson (2007). “For-

mats for user data in inclusive design.” In: Proceedings of the 4th In-

ternational Conference on Universal Access in Human Computer Inter-

action: Coping with Diversity. UAHCI’07. Beijing, China: Springer-

Verlag, pp. 117–126. isbn: 9783540732785.

Gorini, Alessandra, Claret S Capideville, Gianluca De Leo, Fabrizia

Mantovani, and Giuseppe Riva (2011). “The role of immersion

and narrative in mediated presence: the virtual hospital expe-

rience.” In: Cyberpsychology, behavior, and social networking 14.3,

pp. 99–105. doi: 10.1089/cyber.2010.0100.

Graves, Alex (2012). “Long short-term memory.” In: Supervised Se-

quence Labelling with Recurrent Neural Networks. Berlin, Heidelberg:

Springer Berlin Heidelberg, pp. 37–45. isbn: 978-3-642-24797-2.

doi: 10.1007/978-3-642-24797-2_4.

Green, Ben and Yiling Chen (Nov. 2019). “The Principles and Limits

of Algorithm-in-the-Loop Decision Making.” In: Proc. ACM Hum.-

Comput. Interact. 3.CSCW. doi: 10.1145/3359152.

Güner, Samet, Halil Ibrahim Cebeci, and Emrah Aydemir (2025).

“How popular is a topic on social media? A multi-criteria

https://doi.org/10.7910/DVN/SCCQYD
https://doi.org/10.7910/DVN/SCCQYD
https://doi.org/10.2752/175630614X14056185480186
https://doi.org/10.2752/175630614X14056185480186
https://doi.org/10.46743/2160-3715/2003.1870
https://doi.org/10.1089/cyber.2010.0100
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1145/3359152


280 bibliography

decision-making framework based on user engagement.” In: Ky-

bernetes 54.1, pp. 414–430. doi: 10.1108/K-05-2023-0884.
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