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초 록

사회적 이슈에 대한 정보 기반 의견 형성은 정보 접근만으로 이루어지지 않는다. 개인은 주장을 그 너머의

맥락에서 해석하고, 전제된 가정을 인식하며, 경쟁하는 관점에 비추어 근거를 따져야 한다. 그러나 사람들은

노력이 드는 추론을 회피하고, 동기가 있어도 필요한 맥락을 스스로 떠올리지 못하며, 오늘날의 정보 환경은

그 맥락을 오히려 분절시킨다. 본 학위논문은 추론자와 정보가 만나는 순간에 개입하여 정보를 해석 ·검토 ·
통합하는 대안적 방식을 제시하는 설계 개념인 해석적 스캐폴드(interpretive scaffold)를 제안한다. 해석적

스캐폴드는 외부 맥락으로 정보를 확장하는 보강형과 정보에 내재한 측면을 드러내는 재구조화형으로 작동

한다. 이 개념은 네 시스템으로 구현된다. StarryThoughts는 의견의 인구통계적 ·이념적 지형을, DataDive

는 통계적 주장 검토용 외부 데이터를, FrameIt은 의견에 내재한 도덕적 기반을 드러내고, DecideTogether

는 운영자가 의도를 규칙으로 표현하도록 돕는다. 사용자 연구와 기술적 평가를 통해, 해석적 스캐폴드가

추론에 유입되는 정보와 그 처리 방식을 변화시켜 다양한 의견에 대한 존중적 참여, 정보의 비판적 소비,

자신의 정보 기반 입장 표현을 촉진함을 보인다.

핵 심 낱 말 해석적스캐폴드, 정보기반의견형성, 정보해석, 맥락적추론, 센스메이킹, 비판적사고, 숙의,

논쟁적 사회 이슈, 인간 중심 AI, 소셜 컴퓨팅

Abstract

Forming informed opinions on social issues requires more than access to information. Individuals

must interpret claims in light of more than the text itself, recognizing the assumptions on which an

argument rests and weighing evidence against competing perspectives. The Internet offers unprecedented

access to information, yet research in political psychology and cognitive science shows that people struggle

to do this work: they are often unmotivated to reason effortfully and fall back on heuristics and motivated

reasoning, they fail to generate relevant context on their own even when motivated, and contemporary

information environments fragment context rather than supply it.

This dissertation proposes interpretive scaffolds, a design construct for supporting individual reason-

ing at the moment of encounter between a reasoner and a piece of information by surfacing alternative

ways to interpret, examine, and integrate it. Interpretive scaffolds operate in two modes: enriching

scaffolds broaden the information under consideration with external context, and restructuring scaffolds

surface latent facets within it. I instantiate this construct through four interactive systems. Starry-

Thoughts surfaces the demographic and ideological landscape of perspectives on an issue. DataDive

provides relevant external data to support critical assessment of statistical claims. FrameIt makes the

moral foundations embedded in online opinions visible. DecideTogether supports articulation in online

community moderation, helping moderators translate community-specific intents into concrete rules by

analyzing community context and system-generated interpretations of those intents.

Across these systems, user studies and technical evaluations show that interpretive scaffolds change

what information enters reasoning and how people engage with it. Together, this thesis demonstrates that

interpretive scaffolds, by enriching information with broader context and surfacing its latent structure,



foster respectful engagement with diverse opinions, critical consumption of information, and articulation

of one’s own informed position on contested social issues.

Keywords interpretive scaffolds, informed opinion formation, information interpretation, contextual

reasoning, sensemaking, critical thinking, deliberation, contested social issues, human-centered AI, social

computing
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Chapter 1. Introduction

1.1 Informed Opinions

Social issues increasingly require individuals to engage with complex, contested, and rapidly evolving

bodies of information. Questions surrounding social issues, such as public health [1], climate change [2],

online governance [3], artificial intelligence [4, 5], immigration [6], and social equity [7], rarely admit

simple factual resolution. Individuals must interpret claims situated within broader social, political,

moral, and epistemic contexts. Forming a considered position on such issues involves not only acquiring

information but also examining how it should be understood, what assumptions underlie it, what values

it reflects, how it relates to competing perspectives, what implications follow from accepting or rejecting

it, and ultimately deciding on one’s own position.

I refer to such a considered position as an informed opinion: a position on a social issue that is

grounded in relevant evidence, sensitive to alternative perspectives, and supported by reasons the holder

can articulate. The importance of such positions has long been emphasized in deliberative democracy,

which treats them as a normative prerequisite for legitimate collective decision-making [8, 9, 10]. While

deliberation is ultimately a social process, it depends on analytic work—building an information base,

weighing values, considering alternatives—that individuals carry out even within group settings [11].

Goodin [12] terms this “deliberation within” and argues that much of the reflective work attributed to

group deliberation actually happens inside individuals as they privately imagine and weigh perspectives, a

claim supported by empirical evidence that participants’ attitudes shift more during individual reflection

than during group discussion [13]. This dissertation focuses on that individual analytic moment: the

cognitive work people do when they encounter and reason about information on social issues. Such

encounters take many forms across the process of forming an informed opinion — surveying the landscape

of perspectives on an issue, examining a particular claim or argument, or articulating one’s own emerging

position. In contemporary society, much of this encounter happens through online platforms, such as

news sites, social media feeds, and discussion forums, where individuals engage with information about

social issues privately and at scale.

1.2 Challenges in Forming Informed Opinions

A growing body of work in political psychology and cognitive science suggests three distinct obstacles

to this analytic work, each pointing toward a different aspect of the same design opportunity.

First, individuals are often not motivated to engage in effortful reasoning. Humans conserve cognitive

effort by relying on heuristics rather than systematic evaluation [14, 15], and even when effortful reasoning

is engaged, it tends to be directed by prior commitments. People selectively evaluate evidence to reach

conclusions they prefer [16, 17] and process information in ways that protect their standing within groups

they identify with [18, 19]. Mercier and Sperber [20] argue that these patterns reflect the argumentative

function of human reasoning rather than a defect to be eliminated, suggesting that biased individual

reasoning is best addressed not by debiasing but by appropriate scaffolding.

Second, even individuals who are genuinely motivated to understand an issue deeply face a self-

generation problem. Making sense of a social issue takes many forms: weighing competing perspectives,
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examining a specific piece of information, or integrating it into one’s own point of view. Each of these

requires considering perspectives that might disagree with the information at hand, the assumptions

and values that underlie it, and the concrete situations in which it would apply. Some of this material

lies outside the information at hand, in alternative arguments and considerations the reasoner has not

encountered [21, 22]. Some lies within it, in framings and commitments that remain implicit [23, 24].

In either direction, people often fail to generate or identify such context on their own. Judgments

are anchored on what is immediately available, with relevant counterfactuals and reference classes left

ungenerated [25, 26], and reasoners construct coherent accounts from the information at hand without

registering what is missing [27]. The limitation is not motivation but the cognitive reach of unaided

recall and introspection.

Third, the current information environment does little to supply this context and often actively strips

it away. Algorithmic curation favors fast, emotionally arousing content over reflective comparison [28, 29]

and presents information stripped of the perspectives, assumptions, and comparative grounds that would

render it interpretable. Critically, providing more information does not by itself produce more informed

opinions: increased exposure to opposing views on social media reinforces rather than moderates prior

positions [30], and higher numeracy amplifies rather than reduces polarization on contested empirical

claims [2]. The bottleneck is not access to information but the interpretive resources available at the

moment of reasoning.

Taken together, these three challenges point to a specific design opportunity. Because reasoners

are unlikely to undertake demanding analytic work on their own, because the relevant context does not

arise spontaneously even when they try, and because the surrounding information environment does not

supply it, support must be provided at the moment of reasoning itself. Interactive systems are well-

positioned to meet this need: interactive systems can intervene at that moment, offering interpretive

support in context, on demand, and tailored to the specific information the reasoner is engaging with.

1.3 Interpretive Scaffolds as Facilitators of Individual Reason-

ing

This dissertation explores how interactive systems can support individual reasoning about social

issues through what I call interpretive scaffolds: design elements that mediate the moment of en-

counter between a reasoner and a piece of information, surfacing alternative ways to interpret, examine,

and integrate that information into the reasoner’s thinking. Interpretive scaffolds do not aim to replace

the reasoner’s judgment or to deliver correct conclusions. Rather, they aim to make available the kinds

of cognitive resources that individuals tend not to generate spontaneously during reasoning.

In this dissertation, I specifically focus on two types of interpretive scaffolds, corresponding to the

direction of interpretation relative to the information under consideration.

Enriching scaffolds draw the reasoner’s attention outward, to elements of the broader informa-

tion space beyond the immediate text. They may surface alternative arguments or perspectives the

reasoner has not encountered, or additional factual context that may alter the evaluation of a con-

tested claim. Enriching scaffolds can function as a nudge, prompting the reasoner to look beyond their

current informational position, or as a lens, providing comparative grounds for critically assessing the

focal information. Enriching scaffolds primarily address the second and third challenge above: when the

surrounding environment fails to supply relevant context, the scaffold brings that context into view.
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Restructuring scaffolds, by contrast, draw the reasoner’s attention inward, surfacing facets al-

ready latent within the given piece of information. They may function as a map, rendering visible the

argumentative or value structures on which a claim rests, or as a probe, exposing assumptions that would

otherwise remain implicit. By identifying and surfacing these latent facets, restructuring scaffolds help

the reasoner grasp not only what the information claims but also on what basis. Restructuring scaffolds

primarily address the second challenge: when the analytic work of unpacking a claim does not occur

spontaneously, the scaffold externalizes the structure that would otherwise need to be constructed.

Both modes share a common stance toward the first challenge. Rather than attempting to debias

individual reasoning, interpretive scaffolds work with the argumentative grain of human cognition [20]:

they place the reasoner in the position of evaluating externally provided perspectives, structures, and

comparisons, a stance at which humans are markedly more capable than at critically examining their

own positions.

Critically, interpretive scaffolds are not merely items of information to be passively delivered. Their

effectiveness depends on how they are elicited from underlying material, surfaced at the moment of

information consumption, designed to invite engagement, and integrated with the reasoner’s ongoing

thought.

1.4 Instantiations of Interpretive Scaffolds

I instantiate interpretive scaffolds through four interactive systems, organized along two dimensions:

the two scaffold modes, enriching and restructuring, and three components of informed opinion forma-

tion that the systems support, engaging with diverse perspectives, consuming information critically,

and articulating an informed position. StarryThoughts and FrameIt support engagement with perspec-

tives through enriching and restructuring scaffolds, respectively; DataDive supports critical consumption

through enriching scaffolds; and DecideTogether supports articulation by combining both modes.

StarryThoughts supports the exploration and respectful comprehension of diverse opinions by

surfacing the demographic and ideological landscape of perspectives on a social issue as enriching

scaffolds. Where readers ordinarily encounter opinions in environments that limit exposure to differing

perspectives, StarryThoughts visually externalizes the broader space of opinion diversity, situating each

opinion within the demographic and ideological diversity of those who hold it. This allows readers to

locate their own stance within that space and to engage with viewpoints they would not have sought out

unaided.

DataDive supports critical assessment of a statistical claim by surfacing relevant external data,

along with guidance on what to compare and how, as enriching scaffolds. Statistical statements in

everyday discourse tend to be evaluated in isolation from the broader empirical context that would

qualify or recontextualize them. DataDive surfaces relevant external datasets and supports the reader in

comparing them against the focal statistical claim, broadening the range of evidence the reader encounters

and enabling more in-depth evaluation of the information at hand.

FrameIt supports respectful engagement across disagreement by surfacing the moral foundations

embedded in online opinions as restructuring scaffolds. Where readers might otherwise engage only

with the surface argument of an opinion, FrameIt makes the underlying moral foundations visible, ren-

dering the argument’s value basis available for inspection. This allows readers to evaluate not only what

an opinion asserts but the deeper commitments that make it compelling to those who hold it, and to

share their own views while respecting those of others.
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DecideTogether extends the construct to a practitioner setting, online community moderation.

Moderators should translate their community-specific moderation intents into concrete rules, which re-

quires situating those intents within the community’s lived context and examining the latent assumptions

underlying them. DecideTogether brings both modes of scaffolding together to support this work: it

provides analyses of community context as well as actual contributions from the community as enrich-

ing scaffolds, and system-generated interpretations of moderation intent, expressed in human-readable

rule text and machine-executable automoderator logic, as restructuring scaffolds. By presenting the

system-generated interpretation of moderation intents and how a moderator’s intent applies to real posts

and communities in action, the system supports iterative reflection on and refinement of that intent into

a concrete rule text.

Across these four systems, I examine not only whether interpretive scaffolds support better under-

standing and deeper reasoning on the issue, but also how they must be designed: how they are elicited

from underlying material and surfaced at the moment of reasoning to be integrated into the reasoner’s

ongoing thoughts.

1.5 Contributions

This dissertation makes three contributions to the study of how interactive systems can support

informed opinion formation on contested social issues.

First, I introduce interpretive scaffolds as a design construct for supporting individual reasoning at

the moment of information encounter. I motivate the construct from three challenges to informed opinion

formation, and I distinguish two modes—enriching and restructuring—that target different challenges.

The construct is offered as a lens for organizing the design of the systems in this dissertation and for

informing future work on systems for reasoning support.

Second, I contribute design strategies and computational techniques for realizing interpretive scaf-

folds in practice. Through four systems—StarryThoughts, DataDive, FrameIt, and DecideTogether—I

show how scaffolds can be elicited from external information sources and from the information of focus

itself using large language models and structured extraction, surfaced at the moment of reading without

disrupting it, and integrated with the reasoner’s ongoing thought.

Third, I provide empirical evidence from user studies of each system, characterizing how interpretive

scaffolds shape reasoning across four tasks: engaging with diverse opinions, assessing statistical claims,

examining the value basis of arguments, and translating abstract moderation intent into rules. I synthe-

size these findings into an account of how interactive systems can support individual analytic work on

contested social issues.

Thesis statement: Interpretive scaffolds foster understanding of complex social issues by surfacing

latent facets from unstructured information and enriching it with broader contexts, contributing to

respectful engagement with diverse opinions, critical consumption of information, and articulation of

one’s own informed position.

1.6 Thesis Overview

• Chapter 2 reviews the theoretical background and prior work across four areas foundational to

this thesis: (1) Normative theories around informed opinion formation, (2) Cognitive challenges in

forming opinions, and (3) Interactive systems for supporting information engagement.
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• Chapter 3 presents StarryThoughts, an interactive system that supports the exploration of di-

verse perspectives on social issues with a respectful attitude towards different opinions, leveraging

the demographic profiles as the external interpretive scaffold.

• Chapter 4 presents DataDive, an interactive system to support a deeper understanding of statis-

tical statements with questions and an external dataset.

• Chapter 5 presents FrameIt, an interactive system that supports better comprehension of different

opinions by exposing the moral foundations embedded in them.

• Chapter 6 presents DecideTogether, an interactive system supporting articulation of a solution

for a social problem

• Chapter 7 summarizes the lessons from designing and evaluating interactive systems for interpretive

scaffolding to discuss main design considerations, potential tradeoffs, and the limitations of this

approach to guide future researchers.

5



Chapter 2. Background

2.1 Informed Opinion and its Formation

In this section, I review the literature on informed opinion and its formation, its role in democratic

decision-making, and the normative and cognitive accounts of how individuals arrive at such opinions.

2.1.1 Informed Opinion in Democratic Theory

Informed opinion is a normative prerequisite for democratic decision-making. By “informed opin-

ion,” I refer to a citizen’s position on a social issue that is grounded in relevant evidence, sensitive to

alternative perspectives, and supported by reasons the holder can articulate. Forming such an opinion

requires exploring relevant information, considering alternative perspectives, and weighing them against

the values at stake to construct a defensible position.

The importance of informed opinion is most explicit in deliberative democracy. Deliberative theorists

reject the aggregative view that democratic legitimacy derives from the mere counting of preferences [9,

31, 10]. On the aggregative view, preferences are taken as given; on the deliberative view, they must be

formed and revised through reasoned exchange. Legitimacy depends not only on what citizens decide

but on how they arrive at their decisions [32, 33, 34]. Uninformed or unreflective preferences, even when

aggregated through fair procedures, cannot confer legitimacy in the same way. Habermas [8] grounds

this in communicative action: legitimate opinions are those that could be defended with reasons to others

under conditions free from coercion. What makes an opinion “informed,” on this view, is not only its

factual basis but its responsiveness to reasons others could accept [9].

2.1.2 The Individual Work of Deliberation

Deliberation is often described as a fundamentally social process, but this framing obscures the indi-

vidual cognitive work it requires. Black et al. [11] distinguish two processes in deliberation: an analytic

process—building an information base, prioritizing values, identifying and weighing solutions, and reach-

ing decisions—and a social process—comprising norms of balanced participation, mutual comprehension,

consideration, and respect. While Black frames both as discussion behaviors, a parallel line of work has

argued that much of the analytic work deliberation takes place within individuals rather than between

them. Goodin [12, 35] terms this “deliberation within,” arguing that the internal-reflective aspect of

deliberation must ultimately take place within each individual, even in collective settings. Empirical

work supports this: Goodin and Niemeyer [13] found that jurors’ attitudes changed more during the

information-gathering phase, which involved substantial individual reflection, than during the formal

group discussion. Pingree [36] theorizes the mechanism, showing that the anticipation of expression

and the act of composing one’s position produce cognitive effects on the reasoner independent of social

exchange.
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2.1.3 How Individuals Form Informed Opinions

Two broad accounts of how individuals form informed opinions coexist in the literature. The nor-

mative account, drawn from deliberative theory and classical epistemology, treats opinion formation as

a deliberate process of seeking information, evaluating evidence, considering counterarguments, and up-

dating beliefs accordingly [8, 9, 37]. On this view, the individual approximates an ideal reasoner: open

to revision, attentive to opposing views, and motivated by the better argument.

The descriptive account, drawn from political psychology and cognitive science, complicates this

picture. Citizens routinely rely on heuristics and informational shortcuts rather than systematic evalua-

tion [38], and what appears as a stable “opinion” often reflects whichever considerations are momentarily

accessible rather than a settled position [39]. The next section examines these departures in detail and

argues that they point to a specific design opportunity.

2.2 Challenges with Forming Informed Opinion Formation

Forming informed opinions about social issues is a demanding interpretive task. Such issues are

characteristically ill-structured: they involve contested values, incomplete and conflicting evidence, and

disagreement over which framings and trade-offs are relevant [40, 41]. Reasoning about them thus

requires not the retrieval of a correct answer but the active interpretation and weighing of heterogeneous

considerations. This section reviews three challenges that make this interpretive work difficult in practice:

motivation, cognition, and environment. Also, this section argues that the gap is not primarily about

access to information but about the interpretive resources available at the moment of reasoning.

First, individuals are often not motivated to engage in the effortful reasoning that informed opin-

ion formation requires. Humans tend to conserve cognitive effort by relying on heuristics rather than

deliberate reasoning, a contrast captured by dual-process accounts of cognition [14, 15]. Even when ef-

fortful reasoning is engaged, it is often directed by prior commitments rather than open inquiry: people

selectively evaluate evidence to reach conclusions they prefer [16, 17], and process information in ways

that protect their standing within groups they identify with [18, 19]. Mercier and Sperber [20] argued

that these patterns reflect the function of human reasoning, which evolved for argumentation rather than

solitary truth-seeking, suggesting that biased individual reasoning is not a defect to be eliminated but a

tendency to be channeled through appropriate scaffolding.

Second, even when individuals are motivated to reason carefully and have access to relevant informa-

tion, the interpretive context necessary for evaluating claims rarely becomes cognitively available on its

own. Here, interpretive context refers to the surrounding perspectives, assumptions, comparisons, and

application conditions through which a claim becomes meaningful and evaluable. Some of this context

lies outside the information at hand, in alternative arguments and comparative cases the reasoner has

not encountered, and some lies within it, in framings and commitments that remain implicit [23, 24].

In either direction, people rarely generate or identify such context on their own. Even when explicitly

prompted, individuals struggle to produce alternative theories and counterarguments to their own po-

sitions [21, 22], and they often fail to spontaneously coordinate across them to construct an integrated

interpretation [42]. Judgments are anchored on what is immediately available, with relevant counterfac-

tuals and reference classes left ungenerated [25, 26], and reasoners construct coherent accounts from the

information at hand without registering what is missing [27]. This limitation extends from abstract text

to situated application, where the latent implications of a principle remain invisible until brought into
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contact with concrete cases [43], and where probing for mechanism often reveals that confident positions

rest on shallower understanding than the reasoner had assumed [44, 45]. The broader evaluative context

is typically absent at the moment of encounter, not because individuals are unwilling, but because human

cognition struggles to actively construct it without external prompting.

Third, the current information environment does little to supply this context, and often actively

strips it away. Early commentary emphasized the filter bubble effect, in which algorithmic curation

narrows the range of viewpoints users encounter [46, 47]. Subsequent empirical work has shown that

algorithmic filter bubbles are more modest than initially claimed, with users on major platforms encoun-

tering substantial cross-cutting content, though still suffering from selective exposure within homophilous

networks [48, 49, 50]. More fundamentally, algorithmic curation shapes the interpretive context in which

information is encountered: it favors fast, emotionally arousing content over reflective comparison [28, 29]

and presents information stripped of the perspectives, assumptions, and comparative grounds that would

render it interpretable. Providing more information, by itself, does not produce more informed opinions:

increased exposure to opposing views on social media has been shown to reinforce rather than moder-

ate prior positions [30], and higher numeracy can amplify rather than reduce polarization on contested

empirical claims [2]. The bottleneck is not access to information but the interpretive resources available

when that information is consumed.

Taken together, these three challenges point to a specific design opportunity. Because individuals

are not naturally inclined to engage in open-ended reflective reasoning, because the interpretive con-

text necessary for evaluating claims rarely becomes cognitively available on its own, and because the

surrounding information environment often fails to provide such context, support for informed opinion

formation must be embedded directly into the moment of information consumption itself. The systems

presented in this dissertation pursue this through interpretive scaffolds: design elements that surface

the perspectives, assumptions, comparisons, and application contexts relevant to a piece of information

as the reasoner engages with it. By externalizing interpretive operations that people rarely perform

spontaneously, lowering the activation barrier for reflective reasoning, and making otherwise latent com-

parisons cognitively available at the moment of judgment, such scaffolds aim to support more reflective

and contextually grounded opinion formation.

2.3 Interactive Systems for Supporting Information Engage-

ment

A substantial body of HCI research has explored how interactive systems can support people in

engaging more deeply with information. Although these systems were rarely framed as interpretive

scaffolds, many of them can be seen as design interventions that mediate the moment of encounter

between a reader and a piece of information. In this section, I organize prior systems along the two

modes introduced in Chapter 1—enriching and restructuring—and identify the gaps that motivate the

four systems presented in this dissertation.

2.3.1 Surfacing the broader information space

Reasoning about social issues depends on comparison with a broader information space—alternative

perspectives, related evidence, and the voices of people affected by the issue. In ordinary information

environments, this broader space is not automatically visible to the reader. One line of HCI research
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supports interpretation by bringing parts of this external space into view. From the perspective of

enriching scaffolds, this work falls into three groups.

The first group externalizes opinions and perspectives that the reader has not encountered. Ear-

lier approaches [51, 52] focus on surfacing the existence of diversity of perspectives. ConsiderIt [53],

Balancer [54], and Burst Your Bubble [55] visualize users’ information consumption biases and nudge

toward balanced information consumption. More recent work re-ranks or restructures discussion content

to expose readers to a wider range of views [56, 57, 58, 59, 60, 61]. These systems act as a nudge: they

push the reader to look beyond their current informational position.

The second group brings in external evidence and information to contextualize a claim. Factful

links statements about public budgets to external data [62]. Contextifier and NewsViews visualize the

time-series or geographic data behind news stories [63, 64], and VizByWiki and Silva et al. extend this

to general news articles [65, 66]. Work on academic reading, such as ScholarPhi [67], Paper Plain [68],

CiteRead [69], and Threddy [70], uses a similar mechanism, pulling in external information to support

comprehension of difficult text. A related body of work re-expresses unfamiliar numbers in terms more

familiar to the reader, so that the magnitude of a claim can be assessed against known reference points [71,

72, 73, 74]. These systems act as a lens: they provide the reader with a point of comparison against

which to evaluate the claim at hand.

The third group treats not the claim itself but the people behind it as the external information.

Saveski et al. expose users to feeds from political opponents to humanize them [75], and Nelimarkka et al.

study how revealing partisan affiliation shapes engagement [76]. Other systems surface lived experience

behind a position through personal narratives [77] or stakeholder profiles [78]. In discussion threads,

source-position indicators [79, 80] and tension indicators [81] make the origin and conflict structure of

opinions visible. These systems provide a lens by attaching identity and context to opinions, so that

readers can interpret what is said in light of who is saying it and why.

2.3.2 Making Latent Structure Visible

A second line of work focuses on making the structure already present in a text visible. From the

perspective of restructuring scaffolds, this work uses two mechanisms: showing the latent structure itself

or prompting the reader to examine it through probing questions.

The first mechanism externalizes the structure of a text in an alternative representation. Charagraph

and Elastic Documents generate charts from data-rich text so that the quantitative structure of a passage

becomes visible alongside the prose [82, 83]. Papeos links a paper to the author’s presentation video,

surfacing the argumentative structure across modalities [84]. Work on coupling text and visualization

within documents follows the same idea at finer granularity, linking phrases to chart elements so that

readers can move between textual and visual representations of the same content [85, 86, 87]. A separate

tradition of argument visualization renders the claim-evidence-warrant structure of arguments explicitly,

so that the reasoning behind a position can be examined rather than only read [88, 89, 90, 91]. Baumer

et al. [92] explored the impact of visualizing political framing from texts. These systems treat the text

as something whose internal structure can be drawn out and inspected.

The second mechanism prompts the reader to examine the latent structure themselves through

guiding questions. CritRainer and CReBot generate questions to support critical reading of academic

papers [93, 94], while ReviewAid and Marvista take a similar approach for news articles [95, 96]. An-

gleKindling reframes press releases into alternative angles a reporter might pursue [97]. Tanprasert et

al.’s debate chatbot prompts users to re-examine positions formed from watching videos [98]. Lim et al.’s
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browser extension highlights fallacious passages and offers questions for further inquiry [99]. Wang et al.

take a related approach in the context of moral reasoning, building a discussion platform where users

annotate news articles with moral labels and self-report the moral foundations behind their positions,

thereby supporting mutual understanding across viewpoints [100]. Rather than drawing the structure

out for the reader, these systems provide the reader with probes to find it.

2.3.3 Combining Enrichment and Restructuring

Some interpretive work cannot be done by examining a single text. Forming a policy, deciding how

a community should be governed, or making sense of an unfamiliar domain begins from an intent that is

underspecified. The reasoner knows roughly what they want, but its concrete shape emerges only through

contact with specific cases. Recent HCI work supports this articulation by combining enrichment and

restructuring.

One thread supports individual sensemaking. Sensecape [101] and Graphologue [102] let users ex-

ternalize the structure of their understanding on a canvas, while LLMs generate content that extends

it. ChoiceMates [103] and Selenite [104] elicit the dimensions along which options can be compared and

generate alternatives along them. The user’s understanding is not stated in advance and applied; it

is shaped through interaction with generated cases and structures. A parallel thread supports policy

articulation. PolicyCraft [105] helps community members develop moderation policies by surfacing cases

the policy would apply to, allowing refinement in response. Botender [106] supports the construction of

moderation bots through iteration on rules against example posts. A parallel line of work on LLM align-

ment shares the same mechanism. ConstitutionMaker [107] converts a user’s case-by-case feedback on

chatbot outputs into natural-language principles that steer subsequent behavior. Policy Projector [108]

lets users define LLM behavior policies by mapping concepts and cases onto the same plane, refining

policies against the cases they would apply to. EvalLM [109] and EvalGen [110] support the iterative

refinement of evaluation criteria for LLM outputs, with EvalGen explicitly identifying criteria drift: users

cannot fully specify their criteria in advance, and refine them as they encounter outputs. Across these

systems, abstract intent — whether a moderation policy, a chatbot principle, or an evaluation criterion

— is treated not as something to be specified up front, but as something to be drawn out through

interaction with concrete cases.

Both threads share a mechanism. External cases or alternatives are introduced (enrichment), and the

reasoner’s intent is re-expressed against them — surfacing assumptions, exposing gaps, and prompting

refinement (restructuring). Through the iterative process, the user reflects on their intent and better

shapes it.
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Chapter 3. StarryThoughts: Facilitating Diverse Opinion

Exploration on Social Issues

This chapter presents StarryThoughts. This chapter has adapted, updated, and rewritten content

from a paper published at ACM CSCW 2021 [111]. All uses of “we”, “our”, and “us” in this chapter

refer to the coauthors of the aforementioned paper.

3.1 Motivation & Contributions

The deliberative ideal of democracy suggests that the main virtue of democracy is the free and

equal exchange of arguments in a respectful manner [112, 37]. Online spaces have shown the possibility

of achieving this ideal by facilitating information and opinion exchanges between people [113, 114, 115].

However, at the same time, the current designs of online spaces are responsible for aggravating the

problem of political polarization by providing places where like-minded people can come together to

form networks. As these networks come together, individuals begin to form group identities. Ingroup-

outgroup relationships are formed and, as people form stereotypes and biases towards the outgroups,

interaction between groups becomes limited and results in a further polarized online space [116]. Online

spaces also provide methods to filter content depending on users’ preferences, which is known to be

a cause of the filter bubble [46], where personalized and algorithmic filtering limits access to diverse

information, thereby creating an invisible barrier that presents a biased worldview for the user. In this

way, polarization also hinders democratic communication by prohibiting each person from being exposed

to various alternative ideas [34, 117]. These barriers hinder communication and, in turn, prevent the

achievement of an ideal deliberative and democratic space.

Previous work on mitigating polarization has mainly focused on increasing people’s awareness of

diverse opinions on an issue. Common approaches include explicitly presenting the bias of the user [54,

55, 53] or showing the diversity of opinions [56, 51]. However, simply knowing the existence of diverse

opinions might not be enough. Prior research suggests that the mere exposure of diverse opinions

might not immediately mitigate polarization [30]. Deliberation literature suggests that listening to other

opinions with respect is essential for understanding different points of view [37, 118], but designs for

fostering respect towards diverse opinions have been relatively less explored. One of the few examples is

Reflect [119], which introduced interaction designs based on active paraphrasing to promote listening in

online discussions.

In this work, we aim to explore the possibility of using demographic identities to foster respect

towards people with different opinions in the online space. We believe that the identities of individuals

could provide context for each opinion to support the user’s role-taking process [118] and judgment of

opinion credibility. We also use the identity information as a method to bring attention to stereotypes

that a user might have, as well as to increase their perceived variability of outgroups, ultimately mitigating

outgroup stereotypes and facilitating democratic conversation [120].

We propose StarryThoughts, an online system that supports users to explore diverse perspectives

on social issues. The system primarily aims to present the diversity of opinions as well as the context

behind the opinions by introducing a visualization of opinions on a 2-D space, following the metaphor of

“starry nights” (Figure 3.3). On top of that, the system provides several different support mechanisms
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to help the users explore the opinion space. First, the system enables users to perceive the diversity

of backgrounds and experiences behind the opinions by presenting the demographic information of the

author of each opinion. The system supports the users in understanding the perspectives of a specific

social group by filtering the opinions by the demographics of the authors. Second, using the demographic

information of the authors, the system explicitly enables the user to state and test their expectations on

the demographic identities of the supporters and the dissenters of the issue. Finally, the system engages

users to explore the broader range of opinions in the 2-D space by visually recommending opinions with

the least semantic similarities to guide them to engage with opinions that contain different perspectives.

We conducted a lab study to investigate how participants would use the features of the system

to explore a large number of opinions and how exploring diverse opinions might affect participants’

opinions on social issues and their attitudes toward disagreeing opinions. Study results with a total of

56 participants showed that with StarryThoughts participants explored a diverse range of opinions with

a 2-D visualization of opinions and presentation of demographic identities of the opinion authors. The

difference in participants’ opinions, level of confidence in their opinions, and argument repertoire before

and after using the system showed that StarryThoughts helped the participants to express more concrete

opinions and recall more arguments around the issues.

The contributions of this chapter are as follows:

• Design implications for systems facilitating the diverse exploration of opinions and fostering a

respectful attitude toward different opinions;

• StarryThoughts, an online platform for sharing and exploring a diverse range of opinions on social

issues;

• Findings from a user study showing that with StarryThoughts participants explored a diverse range

of opinions with respectful attitudes towards them.

3.2 Initial Design & Iteration

We designed an initial version of the system with the primary goal of exposing the diversity of

opinions. (Figure 3.1). The system aimed to provide a visual platform that users could freely navigate

among various opinions, stances, and identities. This version was designed to help users understand

the variability and diversity of opinions (through the navigation of space), as well as to emphasize the

multifaceted relationship between identity factors and opinions. Table 3.6 shows the design elements of

the system compared to existing approaches. Below, we elaborate on the specific design elements we

used to implement these goals on an interactive system.

When the user enters the system, the user is presented with a 2-D spatial visualization of opinions

that resembles a “starry night sky of opinions”. We used a 2-D spatial visualization to present a visual

impression of opinion diversity and the relationship of opinions and demographic identities. Compared

to commonly used lists of opinions, the spatial visualization also removed the hierarchy of elements in

organizing the opinions so that each element was as equally accessible as any other. Each opinion is

visualized as a dot on the screen. Unlike previous research that placed the opinions by the similarity

of opinion profile [51], the horizontal position of each dot was determined by the author’s stance on the

issue. By doing so, we expected the users to see the opinion distribution easily. While each opinion has

information on the author’s identity, we intentionally did not encode any information in the vertical axis
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Figure 3.1: The initial version of the system. The initial version of the system presents the variability

and diversity of opinions by plotting them as dots in a 2-D space.

to not give an impression that each social group is segregated. Instead, we placed each opinion randomly

on the vertical axis so that each opinion could be equally noticed. The data points are color-coded with

regard to which demographic group the author is in. Users can choose between three modes of color-

coding: age group, gender, and political alignment, to see how the distribution of each demographic

characteristic matched up within the opinion distribution.

One of the significant design considerations was deciding which and how many identity factors to

disclose. If the factors were too few or too general, they might not have enough informational value.

Fine-grained identity factors would provide the readers with a more detailed context for the opinions.

However, it can also lead to various problems, such as an increased level of stereotyping of or prejudice

against the authors, or the possibility of disclosing personal information. With such considerations, we

chose a combination of four general categories for the users to classify themselves in: age group, gender,

occupation, and political stance. These were criteria that were already being used widely for public

opinion polls, so they are easy to understand and general enough not to pose a threat to the users’

privacy while still providing meaningful context.

The user can filter the opinions by selecting a demographic to focus on, so that they are able to

choose and focus on the opinion distribution of a particular demographic group. By doing so, the user

could investigate the opinion distribution of specific groups. For example, the user can check whether

their peers share the same view on an issue or verify the validity of their preconceptions on specific

groups. The user can hover or click on the dots to see the arguments of others. The user could also

use the recommendation feature of the system to discover new perspectives. In the initial version, the

user could see the opinions of the ‘most distant’ authors, who are the people with different stances and

different demographic characteristics from the user.

We deployed the initial version of the system in collaboration with a nationwide broadcasting com-
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pany in South Korea. The system was open from October 9th, 2019, to October 31st, 2019. During the

deployment, 1,209 people visited the website, and 335 people signed up. A total of 1950 opinions and

144 open-ended arguments were shared on the platform, spanning over six controversial social issues.

From the experience of deployment and several pilots for design iterations, we came up with several

design lessons to better help users explore diverse opinion landscapes. In the following subsections, we

introduce some of the lessons (denoted as L1-L3) that led us to the second version of the system.

3.2.1 L1: Inspecting fine-grained demographic groups

In the initial version, the system supported filtering opinions with only one demographic character-

istic at a time. For example, a user would select the ‘Male’ filter from the ‘Gender’ category to see all

the opinions that male-identifying authors provided. However, pilot study participants mentioned that

using only one demographic characteristic was too coarse-grained. We revised the system to support

multiple filtering options simultaneously after receiving feedback on the lack of specificity in the group

selection during pilot studies. Users can select multiple filters across the three categories to control the

level of granularity and also the amount of information provided at a given moment.

3.2.2 L2: Leveraging users’ prior knowledge for engagement

From the pilot studies, we learned that one of the most common usage scenarios of the system was to

discover the trend of opinions according to demographic factors. Specifically, the participants had prior

expectations of the strongest supporters or dissenters of an issue in terms of demographics. They used

the system to check whether such expectations were aligned with the opinion distribution in the system.

The participants mentioned that discovering an unexpected trend of opinion to a specific demographic

group or discovering opinions that are out of trends made exploration more intriguing and made them

explore the opinions to understand the reasoning for such instances. Inspired by Kim et al. [121], we

aim to support the users of the system to externalize their prior expectations and verify them.

3.2.3 L3: Active guidance for exploring diverse opinions

The users of the initial version of the system were only able to see the dispersed opinions, with

support from a simple recommendation feature focusing on presenting opinions from different social

groups. So, the initial algorithm suggested opinions that are the most distant from the user regarding

the authors’ demographic profiles and their stance on the issue. However, from a series of pilot studies,

we learned that the users heavily relied on the recommendation feature when they started exploring

the opinions, as they tended to be overwhelmed by seeing a large number of data points all at once.

The participants were also concerned that randomly selecting opinions would often return opinions too

similar to what they had read before. Therefore, we decided to improve the recommendation by focusing

on fostering exploration of more diverse arguments with more transparent criteria.

3.3 System

In this section, we introduce StarryThoughts, an online platform to support the exploration of a

diverse range of opinions. Upon entering the system and adding their own opinion and demographic

information, the user can see a 2-D visualization of opinions, arranged by the stance on the issue. Then,

the user can freely explore the space and read individual opinions using various system features.
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Figure 3.2: Prediction screen for the user. Before seeing the visualization of the opinions, the user is

first asked to share their prediction on the groups who would likely support or object to the issue. The

user can quickly verify their prediction by seeing actual opinions in the next step.

Figure 3.3: An overview of StarryThoughts. Each opinion is displayed as a dot in a two-dimensional

space. The user’s opinion is highlighted in red, and recommended opinions are highlighted in yellow, blue,

or green according to the recommendation type. (A) With the filters, the user can specify demographic

groups of interest. (B) The user can quickly test their predictions on who would support or oppose the

issue with the quick filters. (C) By clicking or hovering on one of the dots, the user can read the opinion

along with the demographic profile of the author.
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Figure 3.4: Demographic filter of StarryThoughts. Each available option is presented as a dropdown

menu at the upper left corner of the page. The user can select multiple options of interest. When the

option is changed, only the opinions that match the criteria are presented in the visualization.
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3.3.1 System usage scenario

To present how the user would explore diverse opinions on social issues with StarryThoughts, we

introduce a representative scenario of using the system, constructed from the activity logs of the users.

Mina is a college senior, recently having been on the search for future jobs after graduation. She

recently heard about a suggestion for a new policy that aims to increase the legal retirement age. In

her opinion, the new policy would worsen youth unemployment as the firms would be less likely to hire

people. She also thinks that a turnover in the workforce is necessary to promote innovative thinking.

Still, she wonders what others would think about the policy and visits StarryThoughts.

Predicting and verifying supporters and dissenters of the issue (L2)

Before showing the opinion distribution, the system asks her to predict the demographic groups

likely to agree or oppose the legislation (Figure 3.2). Mina immediately selects the age group of the 20s

as likely to oppose the legislation since she supposes that most people in her age group would be in a

similar situation to her own. She considers a little bit about groups that would support the legislation

and selects ‘60s Male’, as she thinks they would be the ones whose jobs would be terminated if this came

through.

She sees the ‘Star View’, where opinions are visualized as dots scattered on a 2-dimensional space

(Figure 3.3). She notices many data points, but she is not sure which dot to choose first. She notices the

‘Likely Supporters’ and ‘Likely Dissenters’ filters and decides to take a look at them first (Figure 3.3B).

She clicks on the ‘Likely Supporters’ filter to see the responses from male people in their 60s. As

she sees how the dots are dispersed, she realizes that the opinions are skewed to support the issue as

she expected. At the same time, she notices that there are still some dots on the opposing side. She

reads one of them, which says that increasing the retirement age causes more social costs than benefits

and that the rights of the older citizens would be secured better when provided through social welfare

policies. She is impressed by the opinion as she did not expect that he would support an idea against

his own benefit. She leaves a Like on the opinion.

Exploring the trend of opinions per demographic group (L1)

After reading the opinion related to the issue with social welfare policy, she realizes that the solution

of strengthening social welfare policies is not the one she had considered before. She also wonders whether

people’s attitudes towards welfare policy would affect their opinion on the issue. She uses the demographic

filters (Figure 3.3A) to check how the opinion distribution differs by political alignment (Figure 3.4).

She observes that the opinions do not significantly differ by political alignment and concludes that the

social welfare perspective was not a decisive factor.

Exploring diverse opinions with recommendation (L3)

She still wants to learn more about diverse arguments around the issue, so she goes back to see all

the dots. Among the distribution of dots, she discovers that some dots in the system were glowing in

different colors to indicate recommended opinions (Figure 3.3).

She clicks her opinion first to get a recommendation based on it, then considers the meaning behind

the colors. The yellow dots are the opinions with “Opposite Stance, Different Point of View”. They

support the policy because 60 is too low of a bar for people to give up their skills and abilities to work,

which is an entirely different perspective from her own. The blue dots are the opinions with “Opposite
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Stance, Similar Point of View”. Among them, she finds opinions supporting the policy because it would

lead to a better workforce. From the green dots, described as “Same Stance, Different Point of View”,

she discovers different arguments for opposing the policy, such as that the quality of life for older citizens

would be better if they could retire and receive pensions earlier.

Mina wants to know more about the points related to welfare, so she goes back to the opinion that

mentioned welfare and starts reading the opinions with blue highlights. One of them emphasizes the

importance of enforcing social welfare policies to ensure citizens’ rights, but claims that keeping citizens

in employment for longer is a good way to reduce needless budget losses in the social welfare sector.

Mina is intrigued by how similar lines of reasoning are used in different contexts to create completely

contrasting opinions. She is also surprised at the fact that this opinion is written by a man in his 20s,

but after seeing that he is a graduate student, she justifies the idea that he might think that way because

he would probably not be as involved in the job market (Figure 3.3C).

She reads a few more recommended opinions to find any new perspective on the issue. After

exploration, she leaves the system, with her thoughts on the issue moved towards neutral.

3.3.2 Recommendation algorithm (L3)

From the design lessons, we decided to support users exploring the space by actively providing

recommendations from new perspectives. Previous work on fostering exploration of diverse perspectives

focused on recommending agreeable opinions. To do so, the metric for recommendation measured the

diversity of the population the opinion appealed to [51, 53]. Some other research tried recommending

attitude-inconsistent opinions using a classifier to predict people’s stance on the issue [55]. We aimed

to encourage users to consider opinions from new perspectives. We assumed that opinions with similar

perspectives would be semantically similar. Therefore, we opted to recommend opinions that were

semantically dissimilar to the ones currently being read.

The system determines the distance between points of view using the document similarities computed

with the method of Arora et al. [122]. In this method, document embedding is constructed by averaging

the embedding vectors of the words in the document. While averaging, each word vector is weighted by

the inverse frequency of the word in the corpus.

As the system was built and deployed in Korean for a Korean audience, the users’ opinions were

also in Korean. Therefore, it was impossible to apply the technique directly due to the lack of reliable

Korean word vectors. However, as the algorithm weights the words by inverse frequency, we expected

that the algorithm would work reasonably if we could get the keywords in each opinion correctly. So,

we decided to use the pre-computed English word vectors despite sacrificing some meaning of the text.

To do so, we translated the collected opinions into English using Naver’s Papago API 1 after correcting

for spelling and grammar for better machine translation. After translation, we computed each opinion’s

embedded vector with the algorithm using pre-trained GloVe word embeddings built upon 42B tokens

from Common Crawl [123].

3.3.3 Implementation details

The front-end of StarryThoughts is implemented with React. The back-end is built with Node.js

and served on AWS Lambda with a MongoDB database. For the recommendation algorithm, a separate

1https://papago.naver.com/
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Python server is used to compute the document similarities of the opinions and make recommendations

based on them.

3.4 Evaluation

To understand whether the features of StarryThoughts effectively support users’ exploration of

diverse opinions and how users’ opinions and attitudes towards the issue would be affected by using

StarryThoughts, we conducted an exploratory user study. In evaluating ConsiderIt [53], researchers

investigated how users used the system to explore diverse opinions and how such exploration helped their

opinion formation. Opinion Space [51] attempted a controlled within-subjects user study to evaluate their

system against baseline interfaces in terms of user engagement, helpfulness for finding useful opinions,

diversity of opinions read by users, and agreement and respect towards different opinions. Inspired by the

previous work, we developed the following research questions to thoroughly understand the experience

and the effects of using StarryThoughts.

RQ1 How would the users of StarryThoughts use demographic identities of the authors and recommen-

dations to explore diverse opinions on social issues?

RQ2 How would the experience of using StarryThoughts to explore opinions on social issues affect users’

opinion strength and quality?

RQ3 How would the experience of using StarryThoughts affect how the user evaluates diverse opinions

around social issues?

3.4.1 Participants

Our user study consisted of two separate rounds. In the first round, we focused on understanding

how using StarryThoughts would affect users’ opinions on social issues and attitudes to others’ opinions

with pre-/post-surveys. The second round of user study was designed to thoroughly understand a) how

users used each system component to explore opinions and b) how using demographic identities for

exploring opinions affected users’ reaction to the opinions of others.

We had 50 participants for the first round. 27 of them were female, and 23 of them were male.

Their ages ranged from 18 to 42, and the average age was 24.1. We recruited the participants by posting

calls for participation in online communities of two universities in South Korea. The participants were

compensated with KRW 10,000 (≈ USD 8) for participating in the study. In the results, we refer to these

participants as P1 through P50. Due to a glitch in the system, the system usage logs of 9 participants

were lost, so we excluded them while analyzing the logs.

There were six participants for the second round, and all of them were male. Their ages ranged from

20 to 32, with an average age of 26.5. We recruited the participants via posting calls for participation

on an online community of a university in South Korea. The participants were compensated with KRW

20,000 (≈ USD 17) for their participation. In our results, we refer to these participants as Q1 through

Q6.

3.4.2 Conditions

In this evaluation, we focused on understanding the experience of using StarryThoughts and whether

the features of the system support exploring diverse opinions rather than quantitatively evaluating the

19



effect of the system against existing approaches. Therefore, we ran the user studies without a specific

control condition.

We used two controversial socio-political issues widely known to the public in South Korea at the

time of the study (May 2020). We chose the issues for which it is expected that people have different

attitudes depending on their demographic identities. At the same time, we decided to refrain from

choosing too controversial and sensitive issues so the users of the system would feel comfortable accepting

and respecting the opinions of others.

The first issue is increasing the legal age for retirement (Retirement Age) [124, 125]. Due to popu-

lation aging in South Korea, the government proposed it as a solution for maintaining a reasonable size

of the productive population and supporting the senior citizens to sustain their living. However, the

younger generations tend to oppose the issue due to the fear of reduced opportunities for their jobs, as

the plan would increase the labor cost for the companies.

The second issue is whether to classify game addiction as a disorder (Game Addiction) [126, 127].

The controversy on the second issue was initiated by the World Health Organization’s (WHO) decision

to include gaming disorder in the International Classification of Diseases (ICD). However, considering

the people’s negative perceptions of games and the Korean government’s previous attempts to regulate

games, game players and the game industry perceived the Game Addiction issue as another example of

imposing excessive regulation on games.

For the opinions in the system, we used data from the deployment study, as well as the data from

two rounds of surveys on people’s opinions on the issues, which were conducted separately. Survey

participants were recruited by a commercial online survey agency, with their age and gender equally

balanced. The participants’ responses during the study were also collected and presented to other

participants, yielding a total of 515 responses for the Retirement issue and 461 responses for the Game

Addiction issue.

Figure 3.5 and 3.6 present how the opinions were distributed in the system. For the Retirement

issue, a significant difference in opinion distribution was observed only by age groups (Kruskal-Wallis

test, p = 0.0002). Post-hoc analysis with Dunn’s test with Bonferroni correction showed that the opinion

distribution of age group 20-29 significantly differed from that of age group 30-39 (p = 0.000144) For

the Game Addiction issue, a significant difference in opinion distribution was observed by age groups

(Kruskal-Wallis test, p < 1e-8 ) and gender (Mann-Whitney U test, p = 0.00002). Post-hoc analysis

with Dunn’s test with Bonferroni correction showed that the opinion distribution of age group 20-29

significantly differed from that of age group 40-49 (p = 0.0002), 50-59 (p = 0.0006), and 60-69 (p <

1e-6), and that of age group 30-39 significantly differed from that of age group 60-69 (p = 0.0467).

3.4.3 Procedure

For the first round of user study, we conducted 12 group-based usability testing sessions. Each

session lasted for approximately 75 minutes, including pre-/post-study surveys. For the second round

of user study, we conducted six individual sessions with a length of approximately 90 minutes. Every

session was conducted remotely over Zoom. During the session, the researcher gave verbal instructions

for the tasks, and the participants used the system with their computers.

First, the participants were briefed about the goal of the study and the overview of the task. Then the

participants answered a pre-study survey. We asked for their prior knowledge, interests, and opinions

on the two issues for the experiment. We also measured their argument repertoire on the issues and

surveyed attitudes towards people with incoherent opinions on the two issues.
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Figure 3.5: Distribution of opinions on the Retirement issue used for the study.
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Figure 3.6: Distribution of opinions on the Game Addiction issue used for the study.
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Next, they were asked to sign up to the system and leave their own opinions on the two issues.

After a brief overview of the system, the participants used the system to understand the overall

opinion landscape on each issue. We did not impose any specific restrictions on using the system, other

than asking them to use the system for more than five minutes to ensure that they had a thorough

experience with the system. All participant activity, such as which dots they clicked or hovered on and

which set of filters were active while reading opinions, was logged.

After using the system, the participants answered a post-survey about their experience with the

system. We asked them if their opinions on the issues did or did not change after using the system,

their reason for doing so, and their attitudes towards people of the opposite stance. We also measured

the argument repertoire [128] on the issues after using StarryThoughts, as well as comments on the

experiences and the overall level of satisfaction they felt from using the system. In the second round,

we conducted user interviews instead of the survey, focusing on their experience of using demographic

identities for exploring and reading opinions.

3.4.4 Measures

Experience of using StarryThoughts

To understand how the participants used our system, we analyzed the activity logs of the partici-

pants. When logging, we decided that the participant “read” an opinion if the opinion box was visible for

more than 0.5 seconds. With such a tight time limit, we tried to capture every opinion the participant

paid attention to. We also logged the characteristics of each opinion that the participants read, such as

what kinds of filters were applied when reading the opinions and whether the opinion was a recommended

opinion at the time of reading.

Opinion quality

To gauge how the quality of the opinion changed before and after using StarryThoughts, we adopted

the argument repertoire [128], a list of supporting or opposing reasons related to an issue. The measure

was used in deliberation research to measure the quality of participants’ opinions [128, 129]. To measure

the argument repertoire, we asked the participants to list the reasons why supporters of the issue would

support it and why dissenters would oppose it in the pre-/post-task survey.

To compare the argument repertoire before and after using the system, we sampled the responses

of 30 participants and coded them with the help of two external evaluators. We thought it might not be

likely that the participants forgot the reasoning after the task, so we evaluated in an additive manner as

follows. First, we grouped the pre-task arguments and post-task arguments as a set, yielding four sets of

arguments (Retirement / Game Addiction issues × Supporting / Opposing). The evaluators identified

all relevant reasons to support or object to the issue from the pre-task responses. Then, they reviewed

the post-task responses in comparison with pre-task responses and identified newly added arguments

after using the system.

While identifying the arguments, we asked the evaluators to count only the arguments relevant to

the issue (i. e., not a mere preference or emotional response to the issue). Also, we did not consider

the factual accuracy of the arguments. We followed the practice of the original paper, which measured

the argument repertoire [128], which justified the practice as it would be tough to verify the reasons and

evidence supporting the claims.
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Table 3.1: Perceived importance and prior knowledge level of the issues used in the study. Results

suggest that the participants considered the Retirement issue as more important but knew less about it.

(Wilcoxon signed-rank test, *: p ≤ 0.05, **: p ≤ 0.01, ***: p ≤ 0.001)

Retirement Game Addiction

First round
Perceived importance *** 5.30 / 7 3.82 / 7

Prior knowledge ** 3.46 / 7 4.46 / 7

Second round
Perceived importance 5.17 / 7 4.00 / 7

Prior knowledge 3.67 / 7 4.67 / 7

To build a consensus on the coding criteria, the evaluators worked on a set of supportive arguments

for the Retirement issue together. With consensus on the rating process from the collaborative rating,

the evaluators individually evaluated the remaining three sets of arguments and resolved the conflicts

afterward. Due to the complex nature of the coding process, we could not directly report the inter-

rater reliability. Still, the two evaluators’ results exactly matched for 63% of the responses that were

individually evaluated.

Attitude towards diverse opinions

To gauge participants’ attitudes towards different opinions, we first observed whether there were any

changes in opinion or stance after using the system. We used 7-point Likert scale to rate the quality of

opinions in the system, including whether the opinions were logical, well-supported, agreeable, provided

new perspectives, and helpful for deciding their own opinion. With the open-ended responses on the

opinion changes and the ratings on the opinion qualities in the system, we aimed to understand how

being exposed to diverse opinions could change their opinions.

As a more direct measure, we adopted the Respectfulness Composite survey questions from previous

work on openness towards opposing views [130]. The composite consisted of four statements on why

dissenters would disagree with the participant: “They come from a different cultural (e.g., racial, political,

financial, religious) background than I come from”, “They do not understand the issue as well as I

understand it”, “The issue is complex and warrants different opinions”, and “They are not as intelligent

as I am”. The participants were asked to rate each statement on a 7-point Likert scale (1 = Strongly

disagree, 7 = Strongly agree). The ratings were averaged to yield a composite measure, with the ratings

for disrespectful statements reversed.

3.5 Results

In this section, we present how participants used StarryThoughts and how the experience of using

StarryThoughts affected the participants’ opinions towards social issues.

We first present participants’ perceived importance and prior knowledge level of the issues used in

the study (Table 3.1). From the difference, we provide some clues on the different experiences of using

the system, depending on the issue characteristics. Overall, participants reported that they considered

the Retirement issue more important than the Game Addiction issue. On the other hand, they responded

that they knew less about the Retirement issue than the Game Addiction issue.
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Table 3.2: Characteristics of opinions read by the participants from the first round of evaluation. The

numbers suggest that people were more interested in the opinions of their own groups.

Opinion Age Gender Political stance

Same Different Same Different Same Different Same Different

Retirement 45.0 24.1 32.2 36.9 38.3 30.8 36.5 32.6

Game Addiction 30.8 25.6 26.7 29.6 30.1 26.2 28.2 28.1

3.5.1 Strategies and patterns of exploration

To answer our RQ1, we analyzed participants’ system usage logs and their open-ended responses

regarding their experience with StarryThoughts. In this section, we first present statistics showing the

diversity of opinions browsed by the users. Then, we examine behavioral patterns and survey and

interview responses to analyze how participants valued the system features.

Balanced opinion exploration

To gauge the extent of the diversity of opinions participants explored, we counted the number of

opinions that the participants read. We defined the opinion as having the same stance as the participant

if both supported or opposed the issue. If the participant was neutral on the issue, we defined neutral

opinions, as well as moderately supportive or opposing opinions, as opinions with the same stance. Every

opinion that did not align with the participant’s stance was counted as different. For age group and

gender, we counted only the opinions from the participant’s group. We analyzed the opinion diversity

with respect to the political alignment as we did in terms of the stance on the issue.

Table 3.2 shows the characteristics of opinions read by the participants. The results suggest that

the participants were interested in the opinions of groups with shared characteristics. For instance, Q4

mentioned that he was interested in his peers’ opinions because he had to live with them, so he wanted

to better understand their perspectives.

Exploring opinions with visualization

Participants benefited from the 2-D visualization, which enabled them to investigate the overall

trend in opinions. Among 5,143 events of opinions being read, 3,341 (65.0%) events occurred without

any filters on demographic factors. Participants mentioned that they tried to explore the opinions in

a balanced manner in terms of demographic profiles as well as the stance on the issue. Quotes of Q6,

who focused on reading the most extreme opinions first, revealed some underlying intent behind such

behavior. He mentioned that he was curious about “how people with extreme opinions think”, while he

thought “moderate people would have opinions that everyone would know already”. In other cases, the

participants mentioned that they were selecting the opinions without specific criteria in mind.

Exploring opinions with identity factors

With the visualization of opinion distribution and filtering function, one of the most common usage

patterns was to inspect the opinion trends of each demographic group. The participants observed the

trend of opinions by trying the filter with every possible identity option and glancing at how the dots
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were horizontally distributed across the 2-D space. Such exploration helped them quickly understand

how the opinions on the social issues differed by demographic factors.

Participants used the filters to focus on opinions from a specific group of interest. Participants were

commonly interested in the opinions from the groups they belonged to, as well as the expected supporters

and dissenters. Participants were also intrigued by the groups that had unexpected trends in opinions.

Patterns of opinion distribution for each demographic group served as a starting point of exploration

by separating the majority opinions from the minority ones. Doing so allowed them to read both types

of opinions to learn how the selected groups think about the issue. For example, Q5 said, “I read the

opinions when I looked into a new group to understand why each group thinks the way they do. (...) I

chose 2-3 opinions from the majority opinion and 1-2 opinions from the minority opinions.”

When exploring a demographic group’s opinions, participants mentioned that the absence of a visible

trend for each demographic group made the experience less engaging. For example, P37 mentioned that

the absence of a clear trend made them feel frustrated, as they could not find a starting point for

exploration. Q3, Q4, and Q6 suggested employing more apparent visual elements for visualizing the

trend of opinions, such as presenting the histogram or directly showing the proportion. They expected

to quickly compare the opinion trends between multiple social groups and recognize the differences in

such elements. Q3 mentioned that custom categories more closely related to the issue could make the

exploration more intriguing, for example, including their prior experience with games for the Game issue.

Usage of recommendation

Recommending different opinions for fostering diverse exploration of opinions was one of the main

features of the system. The activity logs showed that among the total 5,143 events of reading opinions,

1,627 (31.6%) opinions were from recommendations. 689 of them were recommended as “Same Stance,

Different Point of View”, 476 of them were recommended as “Opposite Stance, Different Point of View”,

and 462 of them were recommended as “Opposite Stance, Similar Point of View”.

Out of 50 participants, 43 of them were favorable towards the recommendation of different per-

spectives. Participants mentioned that the recommendation helped them easily select different opinions

to read and compare them against their own in an engaging manner. Participants especially liked the

visual design of the recommendation of emphasizing the dots with glows. P11 said that its visual high-

lights motivated them to click the recommended opinions across the dispersed dots, rather than narrowly

exploring a couple of dots near their own.

However, the participants shared some concerns about the recommendation. First, some participants

felt the recommendation results did not agree with the description. From the first round of the study,

four participants questioned the accuracy of the recommendation algorithm. P37 said, “I did not feel

the ’different points of view’ were really that different from mine”.

Another common concern was about the design of the algorithm itself. After discovering that the

recommendation algorithm recommended minority opinions, Q3 and Q4 worried that the algorithm might

not accurately show the representative arguments from each group. As an alternative, they suggested

focusing on identifying representative opinions for each stance based on user ratings to present the

summary of opinions accurately.
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Table 3.3: Argument repertoire of the participants before and after using the system. The participants

were divided into three groups according to their prior opinion on the issue: supporters, neutrals, and

dissenters. The table shows the number of reasons supporting and disagreeing with participants’ own

stance. For the neutral group, we reported the number of reasons that supported the issue in the column

“Reasons for own opinion”. The numbers show that the argument repertoire of the participants increased

after using the system. (*: p ≤ 0.05, **: p ≤ 0.01, ***: p ≤ 0.001)

Reasons for

own opinion

Reasons for

disagreeing opinion

Pre Post Pre Post

Retirement

Supporters (N = 20) 1.95 3.2 *** 1.35 2.65 ***

Neutral (N = 6) 1.33 2.67 * 1.83 2.67

Dissenters (N = 4) 1.5 2.25 1.5 3.75

Game Addiction

Supporters (N = 14) 1.64 2.79 ** 1.43 3.36 ***

Neutral (N = 4) 1.32 2.51 1.35 3.13

Dissenters (N = 12) 1.17 2.58 ** 0.83 2.08 **

3.5.2 Effect of using StarryThoughts for opinion strength and quality

To answer our RQ2, we analyzed how the participants changed their opinion after using Starry-

Thoughts and how their confidence in the opinion changed. We included the quotes from the participants

that could further explain the effect of StarryThoughts on their opinions.

Argument repertoire

The analysis result of argument repertoire showed that the participants had expanded their argument

repertoire for both issues (Table 3.3). The participants were divided into three groups according to their

prior opinion on the issue: supporters, neutrals, and dissenters. We analyzed the number of reasons

consistent/inconsistent with their opinion with the Wilcoxon signed-rank test for each group with more

than five participants. In all cases except for dissenters and neutrals for the Retirement issues, the

participants could come up with at least one more reason for both supporting and objecting to their

prior opinion.

Effect of using StarryThoughts on opinion strength

Tables 3.4 and 3.5 show how the participants’ opinions changed on the issues. The results show that

the overall trend of opinions on the issues shifted towards less support for the issue, and the number of

people with extreme opinions has decreased.

Exploring diverse opinions with the system helped the participants be more confident in their opin-

ions on the issues. On the Retirement Age issue, the average score for the participants’ self-reported level

of confidence in their own opinion increased significantly, from 4.18 / 7 to 5.0 / 7 (Wilcoxon signed-rank

test, p = 0.004). Out of the 50 participants, 29 answered that their level of confidence increased for that

issue, while 11 answered that they became less confident. For the Game Addiction issue, the average

score of self-reported level of confidence in participants’ opinions also saw a significant increase from 4.38

/ 7 to 5.02 / 7 (Wilcoxon signed-rank test, p = 0.002). For the Game Addiction issue, 25 out of 50
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Table 3.4: Distribution of opinions on the retirement issue from the participants before and after using

the system. While more than half of the participants kept their opinion, it could be observed that some

of the participants with strong prior opinions became moderate after using the system.

Opinion on the

Retirement issue

Opinion after using StarryThoughts

Strongly

Oppose
Oppose Neutral Support

Strongly

Support

Opinion

before

using StarryThoughts

Strongly Oppose 1 0 1 0 0

Oppose 1 3 1 0 0

Neutral 0 3 4 1 0

Support 0 2 4 18 3

Strongly Support 0 1 1 5 1

Table 3.5: Distribution of opinions on the Game Addiction issue from the participants before and after

using StarryThoughts. The results show that some of the participants with strong prior opinions became

moderate after using the system.

Opinion on the

Game Addiction issue

Opinion after using StarryThoughts

Strongly

Oppose
Oppose Neutral Support

Strongly

Support

Opinion

before

using StarryThoughts

Strongly Oppose 7 4 0 0 0

Oppose 1 8 1 0 0

Neutral 0 5 3 1 0

Support 0 5 3 10 0

Strongly Support 0 1 1 0 0
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participants answered that they became more confident, while 7 participants answered that they became

less confident.

Open-ended responses from the participants showed some insights on how reading others’ opinions

could affect participants’ opinions.

First, participants could reinforce their opinion by learning that there were others who shared similar

opinions. P25 strengthened their opinion on objecting to the Retirement issue, saying, “I thought I was

in a minor group, so I expected few people would share my opinion. (After using the system) I felt my

opinion was more reasonable than I expected.”

Second, the participants could discover new supporting arguments for their opinion from reading

others’ opinions. P31 said they strengthened their opinion on objecting to the Game Addiction issue

after using the system. They said, “Among the opinions I read from the system, I found one questioning

the specific criteria to define game addiction. I agreed with that opinion a lot, and I became more

confident in my opinion.”

Third, participants strengthened their own opinion after browsing incoherent opinions and realizing

that they were not persuasive enough. Q4 mentioned that his opinion on dissenting from the Game

Addiction became stronger after reading the supporting opinions. He said “I was surprised to see that

people were supportive of the regulation on gaming with such shallow opinions. (...) I could understand

them in the sense of personal experiences, but I could not agree with their opinion on how the social

regulations or laws should be made.”

On the other hand, some participants learned perspectives they had not considered from incoherent

opinions and therefore became more prudent in their opinions.

For example, P32, who was initially supportive of increasing the retirement age, changed their opin-

ion to neutral “after reading an opposing opinion pointing that older employees could be less passionate

and cause a loss of efficiency in the workforce.” P27 said they changed their opinion on the Game Ad-

diction issue from opposing to neutral, saying “I saw an opinion from a person who suffered from game

addiction, and they mentioned that external help was essential. Also, I agreed with the opinion that

classifying game addiction as a disorder would help the actual game addicts to get good care.”

3.5.3 Effect of StarryThoughts on evaluation of other’s opinions

To answer RQ3, we analyzed how participants valued opinions in terms of respect and perceived

quality.

Respect towards different opinions

The survey results show that the experience of using the system did not significantly affect the level

of respect towards other opinions. Regarding the Retirement issue, the Respectfulness Composite index

increased from 5.60/7 to 5.70/7 (Wilcoxon signed-rank test, p = 0.055). On the Game Addiction issue,

the Respectfulness Composite index increased from 5.47 / 7 to 5.58 / 7 (Wilcoxon signed-rank test, p =

0.133). There were no significant differences in the component ratings of the composite index either.

Quality of other opinions

Figure 3.7 shows the score distribution of the participants’ quality evaluation of the opinions they

saw. We statistically analyzed the difference among five questions with the Friedman test and conducted

post-hoc analyses using the Dunn test with Holm correction.
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Figure 3.7: Distribution of participants’ rating on the quality of the opinions used for the study. While

participants were favorable to the opinions in general, participants felt opinions on Game Addiction

issues were less agreeable and less novel.
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While the participants felt generally positive about the opinion quality, the results showed that

participants disagreed less that the opinions were logical or well-supported. For the Retirement issue,

Logical vs. New perspectives (p ≤ 0.01), Well-supported vs. New perspectives (p ≤ 0.001), and Well-

supported vs. Helpful for my opinion (p ≤ 0.01) showed significant differences. For the Game Addiction

issue, Logical vs. Helpful (p ≤ 0.05) and Well-supported vs. Helpful for my opinion (p ≤ 0.05) showed

significant differences.

Participants commonly mentioned that there were a lot of arguments based on personal experiences.

This had varying effects on the persuasiveness of an argument, mostly based on whether the participants

did or did not have conflicting experiences themselves. In the case of the Retirement issue, participants

mostly reported that they did not know of the experiences mentioned in the opinions, which had a positive

effect on the perception of these opinions. However, in the case of the Game Addiction issue, participants

were more skeptical towards opinions based on personal experiences because they were “different from

what I have experienced.” (Q5) Such a difference is also visible from the difference in ratings between the

two issues. The participants rated opinions on the Game Addiction issue as significantly less agreeable

(Wilcoxon signed-rank test, p = 0.037) and less new (Wilcoxon signed-rank test, p = 0.011).

Value of identity factors

Participants mentioned that the demographic identities helped them understand the opinions better.

Out of the 50 participants from the first round of evaluation, 44 responded that the feature was helpful.

One of the common benefits was having the opportunity to observe how different social groups

thought about the issue. Q1 said, “I feel like people tend to flock together with people with similar

opinions in online space. With the system, I could see the collected opinions of the whole public and

filter them. I could acknowledge and resolve my misunderstanding towards social groups that I don’t

belong to, and people do not share the same opinion with me.”

Demographic identities also positively affected the perceived credibility of the opinions. Q4 valued

that the demographic identities made the opinions more credible compared to comments on online news,

which presents “nothing about who wrote such comments.”

Participants also mentioned that they could empathize with the opinions of others when they saw

their demographic profiles. Participants used the information on demographic identities to imagine what

kind of interests or experiences the authors of the comments would have and how they would be related

to the opinion. For example, Q4 said, “I read a supportive opinion on the Game Addiction issue, and I

saw that the author is a woman in her 40s. I could understand why she ended up having such an opinion.

Still, it’s separate from whether I agree with her or not.” However, this was not always the case, as in

the example of Q2, who mentioned that for more politically controversial issues, he would try to see the

opinions more skeptically if he knew the author’s political stance.

Some participants expressed worries that they might develop stereotypes or biases from associating

opinions with individual identities. P18 said, “as I knew about the demographic identities of the author

before actually reading the opinions, I realized that my prejudice was making me selectively accept the

opinion.” Similarly, P7 said that they “felt like I had to reflect my bias in the process” and that “if

we start perceiving these individuals as stakeholders, we may garner prejudices, thinking that they only

think this because it affects them. That might hinder communication.” As a solution to this problem,

P18 suggested that “maybe if the identities came after reading the opinion, or were placed below the

text, it could have helped with the issue of bias.”
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Value of expectation

Participants commonly mentioned that they would expect others’ opinions to be aligned with their

own interests or their experience related to the issue. It led to some common patterns in the participants’

expectations of the trend of opinions. For example, on the Retirement issue, five out of six participants

from the second round mentioned that people in their 20s and 30s would be the likely dissenters as they

expected that the issue could shrink the job market. On the Game Addiction issue, all six participants

expected that people in their 20s and 30s would be the likely dissenters because they expected that such

a group would be more familiar with games.

Confirming expectations When participants discovered that the opinion was distributed as they

expected, they considered that the groups were making rational decisions and respected such opinions.

For example, Q4 shared his experience with the Retirement issue, “I could see what types of advantages

or disadvantages each group would get from the issue so that I could understand both supporters’

and dissenters’ perspectives.” However, with the Game Addiction issue, such experience worsened the

negative stereotype of other demographic groups. For example, P2 shared their negative experience

of reading opinions on the Game Addiction issues. They mentioned, “I couldn’t help laughing as the

supportive groups and dissenting groups were almost like what I expected. (...) I hope the supportive

group could play games at least once before leaving opinions. I almost got mad at them because they

were just saying ‘Games are bad, it’s a disease”’.

Unexpected trends encourage understanding others On the other hand, when the participants

discovered that the expected trend did not exist or even the opposite trend existed, participants were

surprised and intrigued to explore why the social group actually thought differently.

From such exploration, the participants could widen their perspectives on the issue and understand

other social groups better. For example, Q6 found out that the people in their 40s opposed the Retirement

issue more than he expected. From their arguments, he learned that they were skeptical on the issue

because of their negative personal experiences of working with older colleagues. P27 mentioned that

they could widen their perspectives when they read the opinions against the initial expectation. From

such opinions, they learned that people had considered multiple aspects of the issue, even if they had

not aligned with the group’s interests.

3.6 Discussion

In general, the evaluation results suggest that StarryThoughts could support the users to explore a

wide range of opinions. In this section, we discuss some of the notable findings from the participants’

behaviors and comments that would guide future research in this domain.

3.6.1 Role of identity

Participants’ responses and activity patterns suggest that the identity factors supported exploration

and interpretation of opinions in several dimensions. Demographic identities made the opinions more

credible, and they helped participants understand the whole picture of the opinion landscape by demo-

graphic groups. Furthermore, participants used the demographic identities to guess the author’s personal
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Table 3.6: Comparison between the design of StarryThoughts and existing systems.

ConsiderIt [53] Opinion Space [51] StarryThoughts

Opinion

visualization
Pros/cons list Dots on a 2-D space Dots on a 2-D space

Visualization

criteria

Stance on

an individual topic

Similarity of

opinion profile

Stance on

an individual topic

Main user

interaction

Building their own

pros/cons list

Freely exploring

opinions

Freely exploring

opinions

Exploration

strategies

Pros/cons list

nudging for

balanced consideration

of the issue

Freely exploring

opinions on a 2-D space

Freely exploring

opinions on a 2-D

space with

demographic profiles

Recommendation

criteria

Opinions appealing to

diverse user groups

Opinions agreeable

to diverse users

Opinions distant from

the one being read

interests, experiences, and circumstances related to the issue. Based on such a prediction, the partici-

pants could interpret opinions in the context of the authors. When the actual opinion agreed with the

expectation, participants could empathize with and respect the opinion, regardless of their stance. On

the other hand, when participants discovered opinions were against their expectations, they were moti-

vated to read the opinions and widen their perspectives on the issues and other social groups. However,

participants also pointed out that their preconceptions or mental images of specific demographic groups

could be a source of prejudice on other demographic groups.

Finding the right balance of using individual identities for attenuating prejudice would be the next

item for future research. To reduce stereotypes, Richards and Hewstone [131] suggest that merely

presenting instances against stereotypes would not be successful. The simple presentation would lead to

subtyping, where such counterexamples are perceived as an exception to the existing stereotype, while not

changing the stereotypical perception towards the group. To affect the stereotype, the perceiver should

undergo a process of subgrouping. In subgrouping, the perceiver realizes that the stereotypical groups

are not a single cohesive entity but composed of different subgroups with their characteristics [132, 120].

Through this process, individuals can gain subgroup salience, and in turn, their level of prejudice towards

outgroups is reduced. This process could be implemented by introducing additional axes that could split

the demographic groups into smaller subgroups.

3.6.2 Effect of visualizing opinions

Our system visualized the opinions of the users as dots on a 2-D space, similar to Opinion Space [51].

One difference between StarryThoughts and Opinion Space was how the system placed the opinions on a

2-D space (Table 3.6). Unlike Opinion Space, we explicitly used the stance of opinions to position them.

Although we did not analyze the participants’ usage patterns in a controlled experiment, the open-

ended responses from participants suggested that the system was engaging and helpful for browsing

diverse opinions on social issues. We observed that the participants easily understood the arrangement

of opinions and used it to discover the distribution of the opinions. One participant also mentioned that
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they could mentally prepare themselves to see opposing opinions by exploring the opinions by themselves.

Visualization of StarryThoughts allowed the participants to easily explore the opinions in a bal-

anced manner by selecting opinions from extreme sides. This approach is based on values similar to

ConsiderIt [53], which also supported the users to see more balanced aspects of the issue and discover

comments that could help verify their own decision. In addition to this, StarryThoughts enables the users

to discover a wider variety of arguments by not using a collaborative filtering approach in recommending

the opinions. Such responses suggest that the “starry night” visualization could support people to accept

diverse opinions.

When designing the system, we expected that the demographic identities of the authors and the

distribution of opinions could enable the users to discover unexpected trends (or the lack thereof) of

opinions for demographic groups or for them to encounter non-stereotypical opinions from a specific

demographic group. By doing so, we expected that the users of StarryThoughts would be able to look

at diverse opinions on social issues.

The participants’ actual usage pattern showed that they were able to follow such a flow. However, we

also learned that discovering a clear trend of opinions was necessary for the participants, as discovering

the opinion trend was the starting point for exploring the opinions.

We think an improved design of StarryThoughts would need to present not only the trend of the

opinions in an objective scale, but the trend of the actual arguments for each demographic group. For

example, topic analysis and visualization of arguments for each demographic group could be possible. For

example, Baumer et al. [92] proposed a “words web” visualization of text for presenting the main ideas of

a text while removing the framing effect from the text. Such visualization may contribute to the better

delivery of the main points, so that the user can understand what ideas were used by each demographic

group. It could be possible for the system to present what kind of social groups are dominant in the

opposition for each user, so that the user could understand opposing opinions better.

3.6.3 Value of recommendation

While the recommendation feature helped the participants explore a diverse range of opinions, the

evaluation result raises interesting questions about the design of algorithmic recommendations and the

justification for using them.

Unlike previous work that used the appeal to diverse populations as the main criterion for recom-

mendation [53, 51], our system used diversity as the main criterion for recommendation (Table 3.6).

We observed that the participants were favorable to the recommendation feature and how it is visually

represented. However, participants questioned how the recommendations were produced and whether

they were actually representative opinions from each demographic group.

Although we implemented algorithmic recommendations as a way of facilitating exploration of di-

verse opinions, there were some limitations to our design. For example, our recommendation results

were based on document embedding vectors computed by the weighted average of word vectors. This

algorithm uses the inverse word frequency as the weight for computing the vectors. Therefore, it could

be susceptible to opinions with rare words, which would cause them to be distant from all the other

opinions in the vector space. The algorithm, in turn, could be biased to this specific subset of opinions.

Furthermore, as diversity-oriented recommendations would treat every opinion equally, regardless of how

much of the population agrees with it, users might end up developing a distorted image of the opinion

landscape.
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To prevent users from misunderstanding the opinion distribution, the system would need to present

not only the results of the recommendation but also how they were obtained, and what kind of pitfalls

might exist in the results.

Another interesting design consideration regards how to present the recommended opinions. Star-

ryThoughts purposefully utilized simple visual cues - adding a ‘glow’ to each dot - as an indirect mode of

suggestion, keeping the level of intervention to a minimum and allowing the user to acknowledge or ig-

nore the suggested opinions freely. At the same time, the participants needed to select the recommended

opinions by themselves, which may incur an additional mental and physical load for the participants. So,

there were several participants demanding a feature that shows all recommendations at once. We also

provided three different modes of recommendation that were all simultaneously provided to the user at

the same level. Other methods of recommendation could include using more direct indicators, reducing

the number of recommended options, limiting the types of recommendation modes being provided, or

even introducing new modes of recommendation.

3.6.4 Generalization to other issues and cultures

In this chapter, we selected two controversial social issues in South Korea to evaluate the system.

As participants’ prior knowledge and perceived importance of the issue differed in the two cases, the

reactions were different as well. For the Retirement issue, participants had less prior knowledge on the

issue, which might have caused the participants to be more open to others’ opinions. On the other hand,

the participants had more knowledge of the Game Addiction issue, so they might have been more critical.

One important remaining question is how people’s perception of others’ opinions and use of the

system would change for the issues with different characteristics.

While we selected controversial issues at the time of evaluation, the issues did not have a strong

association with people’s political beliefs or identities. This may have caused the participants to take a

more rational stance and be more expectant towards others’ responses. However, user reactions might

differ if the issues were more sensitive and divisive by political beliefs or identity factors, such as gender

conflicts or affirmative action.

In such cases, it might cause users to reinforce prior stereotypes or even develop new stereotypes from

observing a polarized opinion distribution. One possible mitigation approach would be to cluster and

subgroup the opinions by their argument similarities in addition to demographic identities. By doing so,

users could discover arguments they could agree with and possibly break the stereotypes towards other

groups. Issues related to minority groups could be an interesting domain to use demographic identities

for opinion exploration since presenting explicit identity cues could help users discover opinions from

such groups.

Another possible exploration would be to generalize the system to different cultural contexts. First,

the list of critical identities may change according to the cultural background. Our system is built

based on the social issues and demographic identities in South Korea, which is widely considered a

predominantly monoethnic country. We expected that users would not be as interested in exploring

opinions by ethnicity as they would be with age, gender, or political alignment. On the other hand,

if the system were applied in a polyethnic culture such as the United States, the system would need

to be modified to encompass ethnicity as an important identity factor of the authors. Second, cultural

contexts may affect the users’ expectations of opinion distribution by demographic factors. These trends

may differ depending on the cultural and historical context of each society. It is also possible that the

same issue could be framed differently according to the diverse value systems of each society.
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3.6.5 Limitations

The design features of StarryThoughts enable users to notice the variety of opinions of people

regardless of their demographic identities. However, the benefit of using StarryThoughts was not fully

explored in our study because the study participants were mostly young college students, as they were

mainly recruited from university communities. Therefore, we could only understand the experience of

exploring and evaluating others’ opinions from the perspectives of the younger generation. Further

studies with more diverse populations would help us understand how other demographic groups perceive

the opinions through the system. Another limitation of our study is in the demographic distribution of

the opinions in the system, which was skewed towards younger people in terms of age and towards more

progressive people in terms of political stances. As a result, the experience of using our system might

have been limited for the participants, as they might not see enough perspectives that are not from their

own demographic group.

3.6.6 Future Work

A possible future research direction would be to investigate the effects of the spiral of silence [133].

From the current evaluation, we did not find any evidence that participants with minority opinions

experienced threats from expressing minority opinions. Participants with minority opinions could learn

more about the issues by exploring opposing opinions, or even gain more confidence in their opinions

by learning that more people shared their opinions than expected. However, we think the threat of the

spiral of silence could remain as the users are able to see the opinion distribution at a glance, both at a

higher societal level and a lower social group level. We think a deployment study without pre-populated

opinions targeting the general public, who are likely less interested and less open to diverse opinions

compared to voluntary participants, could be the next step in investigating the issue.

One of the remaining challenges is to scale up the system to encompass the opinions of more users.

With the current visualization, adding more opinions causes a denser display of dots, which could reduce

usability when selecting and exploring the opinions. Interactive visualizations for presenting overviews

and detailed pictures, such as Overview+Detail [134], as well as clustering opinions, could be a possible

solution to expand StarryThoughts into a larger scale.

3.7 Conclusion

This chapter explored the idea of using the identity of individuals to discover diverse opinions

around social issues and encourage respectful attitudes towards them. We built StarryThoughts, an

online system for presenting the diversity of opinions and supporting exploration of them with identity-

based filtering and content-based recommendation of opinions. Findings from the user study suggest

that demographic identities could be a meaningful cue for exploring diverse opinions around social issues

and gaining more respectful attitudes toward others’ opinions. With StarryThoughts, we envision an

online space where people can exchange opinions on social issues with respect and openness for those

with different perspectives.
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Chapter 4. DataDive: Supporting Readers’ Contextualization

of Statistical Statements with Data Exploration

This chapter presents DataDive, an interactive system to support people in exploring more diverse

information. This chapter has adapted, updated, and rewritten content from a paper published at

ACM IUI 2024 [135]. All uses of “we”, “our”, and “us” in this chapter refer to the coauthors of the

aforementioned paper.

4.1 Motivation & Contributions

Statistical information is commonly used to substantiate the magnitude of social issues. For example,

data journalists produce news articles based on statistical data analyses, from economic indicators to

scientific climate measurements [136]. During the COVID-19 pandemic, public health experts used

statistical data to convey the severity of the pandemic, support the implementation of safety measures,

and refute fake information [137, 138, 139]. Even laypeople produced and shared their own interpretations

of statistical data in online forums to spark discussion on diverse issues [140]. Such texts often contain

statistical statements (e.g. “Over the last 50 years, its [Sweden] fertility rate has fluctuated significantly,

rising roughly in tandem with economic booms” (Figure 4.1), which describes the current state of the

world with the support of statistical information.

The significance of data lies in its ability to derive meaning across various contexts, such as points

of reference and correlated factors. To facilitate this interpretative process, readers should be able to

posit statistical statements within diverse contexts and formulate personalized interpretations of the

data [141]. In this chapter, we term this approach as “contextualization”. Consider a reader reading a

news article claiming “In South Korea, the fertility rate — the average number of children born to a

woman in her reproductive years — is now 0.78” [142]. The reader could ask questions to interrogate this

statement such as comparing the fertility rate to other developed countries or the reader’s own country,

or checking the temporal change in fertility rate to examine whether there exists a clear trend. Going

deeper, they may formulate hypotheses to explain the phenomena, such as attributing the low fertility

rate to a shortage of affordable housing, and exploring the correlation between the fertility rate and

housing prices over the past decade.

Existing research on social data analysis [143] and comments on data-driven articles [140, 136, 144]

has shown that readers contribute to the contextualization of data in the public discourse. However,

readers often struggle to produce their own contextualization because the statistical statements only

include the minimally necessary data to support the authors’ messages. Therefore, readers need to

search for information to contextualize the statistical statements by themselves, which requires a complex

cognitive process for the readers with barriers in each step [141, 145]. While existing work explored

interactions for augmenting documents with data to provide greater contexts to statistical statements [63,

64, 65], their support is limited to providing data directly related to the text, thus confining the scope

of context that readers can explore.

To support the exploration of relevant contexts beyond those directly related to the text, we propose

DataDive, an interactive tool for contextualizing statistical statements by exploring relevant data while

reading online text (Figure 4.1). With DataDive, the reader can explore various contextualizations by
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Figure 4.1: Overall user flow of DataDive. (A) While reading, the user selects a statistical statement

of interest to start exploring contextualization. (B) On the side, DataDive generates and presents a set

of recommendations suggesting different potential contexts around the statistical statement. (C) Upon

selecting a recommendation, DataDive matches the most relevant data from its database and visualizes

the data. The user can use dropdown widgets to explore data in different contexts.

picking a statistical statement of interest in the text and exploring system-generated recommendations

of potential contexts to explore. When the reader selects a potential context, DataDive provides an in-

teractive visualization of the selected contextualization of data, using external data from reliable sources.

The reader can explore diverse data relevant to the selected contextualization by browsing the list of

data series provided by DataDive. We built an LLM-based pipeline to parse statistical statements, which

often contain vague and implicit references to data, for generating recommendations for contextualization

and retrieving the most relevant data points from datasets containing a number of data series.

To verify if the pipeline of DataDive can generate recommendations for potentially meaningful con-

texts and retrieve relevant datasets for a given statistical statement, we conducted a technical evaluation

with 18 external evaluators on 77 statistical statements on various topics around global social issues

and a dataset of global statistical indicators. Our technical evaluation results showed that 96.6% of

pipeline-generated recommendations were considered meaningful for contextualization, and the pipeline

could retrieve relevant data for 80.5% of the statements. To evaluate whether DataDive can support

readers in contextualizing the statistical statements from online texts, we conducted a within-subjects

study with 21 participants. In the study, participants read two news articles with statistical information

on global social issues while using either only a web search engine or a web search engine with DataDive

to explore contextual information of interest. Findings from observations and interviews showed how

DataDive supported the participants in exploring more contexts around statistical statements and in

better contextualizing the statistical statements in the text, while we did not discover statistically signif-

icant differences in participants’ knowledge gain from their reading process. We further discuss potential

improvements for DataDive to support more diverse types of contextualization and design lessons from

using LLMs to produce factually reliable yet exploratory results.

This chapter provides the following contributions:

• DataDive, a system for supporting contextualization of statistical statements while reading online
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texts.

• A technical pipeline for generating recommendations for contexts and retrieving datasets relevant

to statistical statements on the web.

• Findings from a technical evaluation demonstrating the effectiveness of our pipeline in identify-

ing relevant contexts, and from a user evaluation showing that DataDive can support readers’

contextualization of data while reading online texts.

4.2 Formative Study

We conducted a formative study to understand in what situations people seek related information

to contextualize statistical statements in online texts. Based on the findings, we propose design goals for

supporting the contextualization of statistical statements.

4.2.1 Study Setup

We recruited seven participants who read daily online discussions on social media or online forums.

The call for participation was posted on an online board of a university in South Korea. The average

age of participants was 23 (Min = 21, Max = 25). We screened the participants by asking how often

they read and participate in online discussions.

In the study, we chose ‘online discussions’ as the context, as we expected that online discussions

would often refer to statistical data in a less rigorous yet more argumentative manner, which would lead

to more natural motivations to better understand the data. We provided four discussion threads with

references to statistical information from Reddit’s r/changemyview1, which is well-known as a place for

civil discussions [146]:

• We should reward those who are in great shape with yearly bonuses with a tax on junk food2

• It is unethical to purchase residential properties for investment purposes3

• The gender pay gap is largely caused by differences in goals in life and not by systematic discrimi-

natory work practices4

• Nuclear Energy is way better than people think5

Participants were asked to choose two threads based on their interests and read them while thinking

aloud for 20 minutes per thread, with the minimum requirement of reading the original post and three

top-level comments. They were free to explore external information, such as clicking embedded links in

the comments or searching for information on the web. After reading the threads, the participants were

asked to search for external information of interest on the same two discussion threads for 10 minutes

per thread. With a separate stage for searching for external information, we aimed to observe cases

1https://reddit.com/r/changemyview
2https://www.reddit.com/r/changemyview/comments/13quoqw/cmv_we_should_reward_those_who_are_in_great_

shape/
3https://www.reddit.com/r/changemyview/comments/12cqfm0/cmv_it_is_unethical_to_purchase_residential
4https://www.reddit.com/r/changemyview/comments/w4kbny/cmv_the_gender_pay_gap_is_largely_caused_by/
5https://www.reddit.com/r/changemyview/comments/ud5hde/cmv_nuclear_energy_is_way_better_than_people_

think/
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where participants had latent informational needs but did not spontaneously search for them. Next, we

conducted a semi-structured interview with each participant on their information-searching behaviors

and current challenges. Each session lasted 90-120 minutes, and participants were compensated KRW

20,000 (≈ USD 15). After all sessions, we analyzed our observation notes and interview quotes with

affinity diagramming.

4.2.2 Design Goals

From the interviews and observations, we discovered participants’ common behaviors and challenges

in finding information to contextualize and understand statistical information. Based on them, we

propose three design goals for an interactive system to contextualize statistical statements from online

texts with data:

G1. Provide Straightforward Responses to Users’ Information Needs with Data. Partic-

ipants (P1, P5, P7) commonly considered reading as the main goal, therefore expecting only a low

cognitive burden for the secondary goal of seeking information. They often wanted to quickly obtain

answers to their questions without disrupting their focus on reading discussion threads.

Once they decided to search, participants needed to formulate a search query expressing their infor-

mation needs. However, when they were unsure about what type and scope of information was appro-

priate, they felt it was challenging to start information exploration (P3, P5, P6). Therefore, we propose

that the system be able to intuitively support users’ informational needs while minimally disturbing the

reading process.

G2. Facilitate Flexible Exploration of Contextual Information Around Data. While partici-

pants commonly used quick answer panels from the search engine or top-ranked documents to locate the

data of interest, some participants (P1, P5, P6, P7) often wanted to seek data beyond what was available

from a single source, such as comparing multiple data points or even different statistical datasets. Such

cases were more common when they were verifying comparative statements from the discussion or wanted

to explore contexts involving personal relationships or curiosity. However, retrieving and combining mul-

tiple pieces of data required excessive effort of searching multiple times and cognitively processing them,

making it challenging to conduct such comparisons by themselves. In such cases, the system should

provide relevant data based on the user’s diverse information needs and support their exploration of the

context surrounding the issue and themselves.

G3. Enable Users to Evaluate the Reliability of Provided Statistical Data. Among the

search results, participants sought relevant and credible information that answered their questions. They

typically tried to verify suspicious claims within online discussions. Participants often evaluated the

reputation of the websites providing the information (P1, P2, P4, P6, P7). However, they rarely looked

deeper into the data itself, such as the source of the data and the definition of measurement, to assess

the credibility of the data and its relevance to the users’ information needs. We propose that the system

should provide information on the data to assess its credibility and relevance, such as the producer of

the data, the definition of the data, and the link to the raw data.
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Figure 4.2: Three ways to start exploring contexts in DataDive. The user can (A) click on underlined

statistical statements, (B) select the part of the text by themselves, or (C) type in their own statement

of interest.

4.3 User Interaction

We present DataDive, a system for facilitating the contextualization of statistical statements with

data, and recommending questions to guide contextualization and interactions for exploration of statis-

tical data surrounding the context of the text being read. DataDive is developed as a browser extension,

and we also built a standalone version for the controlled experiment. With DataDive, the user can

first specify the statistical statement of interest. Then, DataDive presents a list of recommendations for

contextualization, which the user can select to explore the data with interactive visualization.

4.3.1 Step 1. Initiating Context Exploration

To support exploring data with low cognitive burden (G1), DataDive provides three ways for users

to start data exploration and express their needs for diverse types of data (Figure 4.2). First, the user

can click on an underlined sentence within the text (Figure 4.2A). To support users in noticing statistical

statements and facilitating data exploration, DataDive pre-processes the text to mark out sentences with

statistical information. Second, the user can select any text snippet and click the search button if they

want to investigate a specific part of the text (Figure 4.2B). Third, the user can formulate their own

statement of interest with a free-form input (Figure 4.2C).

4.3.2 Step 2. Browsing Recommended Contexts

Upon selecting or entering a statistical statement, DataDive presents a list of questions to guide

the exploration of diverse aspects around the statistical statement (Figure 4.3), supporting the explo-

ration of contextualization with less burden (G1). The first option is fixed to show the most relevant

data for the provided statement (Figure 4.3A-1). Then, DataDive presents a list of pipeline-generated

41



Figure 4.3: (A) UI for browsing the list of recommended questions and exploring data. (1) The first

question is to verify the sentence with data. Each recommendation consists of (2) a question suggesting

a different context and (3) the values of statistical indicators/entities/time periods. (B, C, D) After

selecting one of the question from (A), DataDive provides (B) dropdown widgets to change selected

statistical entities, indicators, and time periods, (C) visualization of selected data, and (D) metadata on

data definition and source information.

Table 4.1: The rules of DataDive for generating visualization.

Statistical Selected Type of Selected Entities

Entities Indicators Single Point Duration

Single
Single Bar Single Line

Multiple Bar Multi Line

Multiple
Single Bar Multi Line

Multiple Grouped Bar Multi Line / Entity

recommendations for contextualizing the statement considering the readers’ context, which is self-stated

to the system when they first use DataDive (Section 4.4.2). Each recommendation consists of a ques-

tion (Figure 4.3A-2) and the associated values of relevant statistical indicators, entities, or time periods

(Figure 4.3A-3) to support users in expecting specific data they would see for each recommendation.

4.3.3 Step 3. Investigating and Exploring Data

When the user selects a recommended question, DataDive queries the pipeline to retrieve the relevant

set of statistical entities, indicators, and time (Section 4.4.3), fetches the data values, and visualizes

them. The data presentation panel consists of dropdown menus, data visualization, and data sources

(Figure 4.3B, C, D).

To support users in flexibly exploring different statistical entities, indicators, and time (G2) as

well as correcting the potential errors of the pipeline by themselves, DataDive provides dropdowns

(Figure 4.3B). Based on the user’s selection for each field, DataDive generates either a bar chart or a line

chart to present the selected data based on a pre-defined rule considering the number of selected values

per field (Table 4.1). We focused on bar charts and line charts as they are the most common types of

charts [147]. For visualizing data, we used the Vega-Lite [148] library.

Existing work on data science and data journalism points out that the provenance of the data is
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Figure 4.4: The pipeline starts by parsing a sentence into a tuple (entity, indicator, date) and generating

related recommendations. These recommendations are ranked and displayed according to the ranks. User

selection of a recommendation triggers a match with relevant data fields in top-k datasets. Finally, the

system filters and presents the pertinent data.

important information for judging the credibility and the potential bias of data [149, 150, 151], which is

aligned with our design goals (G3). DataDive provides a “Data Source” panel to show the metadata of

the selected statistical indicators (Figure 4.3D), including the data definition and source information.

4.4 Technical Pipeline

DataDive utilizes a two-stage pipeline to recommend and retrieve contexts relevant to a statistical

statement (Figure 4.4)6.

Our pipeline takes a statistical statement and its surrounding text as input. Based on a context

database of datasets that can be used to generate contextual information, DataDive (1) generates a

ranked list of candidate contexts from the input statistical statement (Section 4.4.2) and (2) matches

the top contexts in the ranked list with the relevant data in the context database (Section 4.4.3).

4.4.1 The Context Database

DataDive first requires a database of datasets to map the statistical statements on. To support

easier expansion of datasets, the pipeline takes each dataset as two CSV files. The first file contains

the numbers, consisting of one column containing the names of entities, one column containing the

date information, and the other columns containing the values per each indicator, following a common

structure used in previous work [152]. This format simplifies the integration of new datasets, providing

a consistent and general structure for the data. The second file contains the metadata about each

indicator/feature in the dataset that would be presented to the users, including the unit, the source of

the data, and the explanation of the data.

For the evaluation, we prepopulated the database with a variety of datasets on social issues from

reputable sources: greenhouse gas emissions and energy consumption data from Our World in Data [153,

154], and the World Development Indicator datasets from the World Bank [155], which encompasses a

wide range of topics on global issues (e.g., global health, economics, education, environment, technology).

6The code for the pipeline is available at https://github.com/kixlab/ClaimVis
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4.4.2 Stage 1. Generation of Ranked Candidate Contexts

In the first stage, our pipeline generates a ranked set of candidate contexts through a three-step

process: (1) parsing the components of the statistical statement from the input sentence, (2) generating

candidate contexts based on the parsed information, and (3) ranking the candidate contexts.

Step 1. Parse Statistical Statement in Input Sentence

First, DataDive parses the input sentence to extract the three key components of a statistical

statement (Figure 4.5): (1) (statistical) entity, the subject of the statement (e.g., ‘Korea’ ); (2) the

feature (e.g., value, trend) and the indicator used (e.g., ‘fertility rate’ ); and (3) date, the time point

or period of interest (e.g., ‘2019’ ). While existing work tackled similar challenges of disambiguating

“Korea’s fertility rate

dropped to 0.8 in 2019”

Entity:

Korea
Feature &

Indicator:

fertility rate

Date:

2019

Figure 4.5: Example of parsing an input sentence into statistical entity, feature and indicator, and date.

natural language queries for data analysis [156, 157], our pipeline faces some unique challenges in handling

diverse statistical statements from online texts which often implicitly refer to statistical data.

• Feature & Indicator: The value to be extracted might not exactly match the attributes in the

tables or is only implicitly inferred from the statement. (e.g. “the number of people” implying

“population”, “Korean woman gave birth to 0.8 children on average in 2019” implying “fertility

rate”).

• Entity: The statement might refer to a group of entities that cannot be directly assigned to the

names of entities (e.g., “Asian countries” or “Countries with a population of over 100 million”).

• Date: The dates in the statement might rely on implicit inference within the context of the whole

text. (e.g. “the last decade” or “10 years after”)

Therefore, compared to existing work using semantic similarities with embedding vectors for disambigua-

tion, we decided to leverage the capability of the LLM to handle such implicit references. In this step,

such implicit references are first automatically annotated with a fine-tuned GPT-3.5 model, and are

resolved in the later part of the pipeline (Section 4.4.3).

Step 2. Generate Candidate Contexts

Our pipeline generates a list of potential contexts based on the components extracted in Step 1.

DataDive specifically considers four axes (Table 4.2): (1) in-text, which are based on the surrounding

sentences; (2) relational, which are based on the similarities and relationships (e.g. causal, compositional);

(3) statistical, which are statistically significant features along the component of interest (in our work, we

specifically focus on global extrema); and (4) personalized, which are components that a reader is likely

44



Table 4.2: Criteria for generating candidate contexts.

Component Candidate Context Generation Criteria

Entity

[In-text] Statistical entities referred to in surrounding sentences

[Relational] Similar or related statistical entities

[Statistical] Statistical entities displaying extrema

[Personalized] Statistical entities the reader is likely familiar with

Features

& Indicators

[In-text] Features & indicators referred in surrounding sentences

[Relational] Similar or related (e.g., compositional, causal) features & indicators

[Statistical] Global extrema features

Date

[In-text] Dates & time periods referred to in surrounding sentences

[Relational] Dates & time periods with similar or related events (e.g., financial crisis)

[Personalized] Dates & periods the reader is likely familiar with

to have prior knowledge about due to personal connections or media coverage that can help internalize

contents of the statistical statement.

DataDive uses the GPT-3.5 model to generate the candidates of features/indicators, statistical

entities, and dates based on the sentence of interest, its surrounding paragraph, and the readers’ personal

contexts. Our pipeline also generates a teaser question for each context, as shown in Section 4.3.2. We

recombine the generated candidates and the original components to generate the (entity, feature, date)

tuples that we use as candidate contexts.

Step 3. Rank Candidate Contexts

Next, DataDive ranks the candidate contexts by these four criteria: (1) helpfulness in the broader

context of the statistical statement, (2) interestingness to the reader, (3) novelty of the perspective,

and (4) likelihood of discovering supporting (or refuting) data. Following a practice from a previous

work [158], we used the GPT-4 model to run pairwise comparisons between each context, considering

the four criteria, and combined the comparison results to rank the contexts.

4.4.3 Stage 2. Extraction of Relevant Data

When the user selects one of the candidate contexts from Stage 1, DataDive retrieves the relevant

datasets in our context database and extracts the relevant data from the selected datasets through a

two-step process.

Step 1. Retrieve Relevant Datasets

DataDive begins by retrieving relevant datasets from the context database to narrow the search

space for relevant indicators. To do so, we compute the semantic similarity of indicators in each dataset

and the components extracted from the statistical statement of interest.

The pipeline uses all-MiniLM-L6-v2 Sentence-BERT model [159] to produce sentence embedding

vectors. For the given context set, the pipeline computes embedding vectors for three components

extracted from the statistical statement (Section 4.4.2), along with the values for the ranked candidate

contexts. The embedding vectors are collectively used as a representative set for the original statement,
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which we will refer to as the statement set. Similarly, the pipeline gathers dataset set for each dataset,

consisting of sentence embedding vectors for each indicator name. To improve computational efficiency,

these dataset sets are pre-computed and cached.

Our pipeline selects the top 7 datasets (empirically set) with the highest maximum attribute simi-

larity scores. To reduce the dataset size for later steps, we only keep the top 15 attributes per dataset

(empirically set) and merge the datasets into a single data table.

Step 2. Locate Context in Data Table

When the user selects a candidate context or the original context from the recommendation panel,

DataDive locates the context within the data table. The pipeline then specifically tries to match the

(entity, feature & indicator, date) tuples with the data table from Step 1. It first attempts to match

each component directly with the table attributes. When the components do not match the attributes

exactly, such as variations (e.g., “GDP” vs. “G.D.P.”), synonyms (e.g., “birth rate” vs. “fertility rate”),

and annotated implicit references (Section 4.4.2) (e.g., “Companies with high revenue”), the pipeline

attempts to resolve them with the following strategies:

• Feature & Indicator: We compute the semantic similarity between the indicator and the at-

tributes from the data table using the all-MiniLM-L6-v2 sentence BERT model and select the

attribute with the highest similarity score.

• Entity: We apply semantic matching to entities without implicit references. Implicit references are

resolved following the approach from existing work [160]. First, we use GPT-3.5 to convert them

into SQL queries, which are then executed to retrieve the corresponding data. If SQL translation

fails, we use the LLM’s comprehensive knowledge base to use an end-to-end question-answering

process.

• Date: We first evaluate the expression using Python’s eval() function, setting now to the current

year. For more complex date expressions, we employ techniques akin to those used for Entity

resolution.

After accurately mapping the (Feature & Indicator, Entity, Date) tuple to the table’s corre-

sponding attributes, we extract specific values. For instance, given the tuple (GDP, United States,

2010), we filter the table to exclusively present the GDP figures for the United States in 2010.

4.4.4 Statistical Check-worthiness

Apart from the two-stage pipeline, DataDive also supports identifying data-related and check-worthy

sentences within the text the user is reading. This function is particularly useful for highlighting statistical

statements in the UI, as detailed in Section 4.3.1. For assessing the check-worthiness of these statements,

we use the ClaimBuster API [161], a web-based tool for live automated fact checking. Furthermore, to

determine the relevance of the data, DataDive tailors a prompt for the GPT-4 model, following the

approach of Liang et al. [162]. This prompt enables GPT-4 to provide a binary judgment on each

sentence, ‘Y’ for relevance and ‘N’ otherwise. A statement is deemed highlight-worthy if it surpasses a

threshold of 0.5 (empirically set) in check-worthiness and obtains a ‘Y’ in data relevance.
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4.5 Pipeline Evaluation

To understand whether the pipeline of DataDive can produce meaningful questions for exploring

contexts surrounding the statistical statements and to match the statistical statements to the relevant

datasets capably, we conducted a technical evaluation of the pipeline. For the evaluation, we focused on

statistical statements from online texts on global social issues. Therefore, we only had cases where statis-

tical entities were countries and regions. We used the World Bank’s World Development Indicators [155]

and Our World In Data’s Greenhouse Gas Emissions [153] and Energy Consumption [154] datasets.

4.5.1 Materials

In our study, we compiled 77 statistical statements and their contextual paragraphs from various

online sources, including data journalism sections of The New York Times and The Economist, and

social media platforms like Twitter, Reddit (r/changemyview, r/economics, r/news, r/dataisbeautiful),

Quora, as well as blogs and non-governmental organization publications. We manually reviewed recent

social media posts and news articles and searched for news articles and social media posts on the global

population and climate change. From the articles and posts, we extracted statistical statements related

to the World Bank’s World Development Indicators.

4.5.2 Participants

We recruited 18 external evaluators from university communities in South Korea, ensuring that

they had no previous involvement or knowledge in the study. These evaluators were chosen based on

their interest in social issues, experience searching for statistical information, and English proficiency to

understand English texts on social issues. The evaluators were aged between 18 and 24 (Mean = 20.4),

and were compensated with KRW 40,000 (≈ USD 30).

4.5.3 Procedure

We randomly divided the statistical statements into three sets and assigned evaluators to each set.

Each evaluator rated 25-26 statistical statements in total. Due to the dropouts, the number of evaluators

per statement differed from five to seven.

We provided an evaluation system for the evaluators to read the statistical statement and its sur-

rounding paragraph and examine the recommended questions and the set of indicators-year-country

triplet matched to the statistical statement.

Then, the evaluator rated the quality of the pipeline results with 5-point Likert scale questions (1

= Strongly Disagree to 5 = Strongly Agree) on the (a) meaningfulness and the relevance of individual

recommendations, (b) meaningfulness, diversity, and interestingness of the recommendation set, and (c)

relevance of matched statistical entities, indicators, and time. The detailed questions are available on

the appendix.

4.5.4 Results

The evaluation results showed that the pipeline could generate meaningful context recommendations

for statistical statements and match them with relevant data sets.
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Figure 4.6: Boxplot of the average rating of recommendations and the matching quality from the

pipeline. (A, B) The results show that evaluators considered the recommendations meaningful, diverse,

and interesting. (C) While evaluators were generally favorable to the matching quality, matching for the

country had the most errors.

Meaningfulness of Individual Recommendation Item

Figure 4.6A shows the evaluators’ evaluation results of the top 5 recommendations. In general,

participants considered that the recommendations generated by the pipeline would help readers gain

meaningful insights into the statement’s context. The average rating for meaningfulness for all recom-

mendation questions was 4.12 (SD = .55). The rating was consistent for the top 5 questions, with

average ratings between 4.08 and 4.20. We observed 13 instances where the average rating was lower

than 3. Five cases involved recommending other countries with extreme values for statements on trends

of an explicit set of countries. Three cases involved recommending years with extreme values of a statis-

tical indicator for a single country for statements on comparing multiple countries. Other cases involved

recommending unrelated statistical indicators or countries.

Also, the evaluators considered that the statistical entities mapped to each recommendation were

relevant. Out of 385 recommendations with individual evaluations, only one case had a relevance score

of less than 3.

Quality of Recommendation Set

Figure 4.6B shows the evaluators’ evaluation results of the whole recommendation set. The average

rating for the meaningfulness (4.12 / 5, SD = .43), diversity (3.86 / 5, SD = .35), and interestingness

(4.07 / 5, SD = .40) of the recommendation set suggests that participants considered the recommenda-

tion set as useful.
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Relevance of matched statistical entities/indicators/time

Figure 4.6C shows the participants’ evaluation results of the matching quality. Participants re-

sponded that the pipeline could get a set of data points relevant to the given statistical statement.

The pipeline retrieved relevant countries and regions for 84.4% (65 out of 77) with an average rating

of 4.02 / 5 (SD = .90), relevant time periods for 92.2% (71 out of 77) with an average rating of 3.92

/ 5 (SD = .69), and relevant sets of statistical indicators for 100% (77 out of 77) of the cases with an

average rating of 4.12 (SD = .48). A total of 80.5% (62 / 77) of the statements had relevant matching

for all three components. The list of potentially relevant statistical indicators was rated as relevant for

98.7% (76 out of 77) of the cases.

We observed more errors for countries and regions, with two common types. The first type was

when the statement did not directly refer to countries or regions, and the pipeline needed to infer the

country from the context. The second type was when the statement involved extreme values and explicit

references to countries, such as “Out of the large emitters the USA has the highest emissions per capita.”

The pipeline retrieved the list of the top 5 countries in this case rather than the explicitly referred entity

(USA).

4.6 User Evaluation

We conducted a user evaluation of DataDive to assess how DataDive supports the contextualization

of statistical statements for users while they are reading texts and how it benefits the reading process.

Specifically, we aimed to explore the following research questions:

RQ1 Does using DataDive support readers to explore more context around statistical statements from

the text?

RQ2 Does using DataDive support the readers to gain more knowledge on the topic of the text?

RQ3 How do people cognitively/emotionally feel about using DataDive?

4.6.1 Participants

We recruited 21 participants with interests in and experiences with reading texts on social issues

from universities in South Korea. For the screening, participants responded with their prior interests

in global social issues on a 5-point Likert scale as well as open-ended responses on the specific topics

of interest, and we filtered out participants without a high level of interest. Also, to ensure that the

participants were able to understand English articles, we gave two short reading comprehension tasks

in English and filtered participants with wrong answers. Participants (13 male, 8 female) were aged

from 19 to 31 (M = 22.9) with diverse nationalities including South Korea (N=12), Kazakhstan (N=3),

Bangladesh, Indonesia, Kyrgyzstan, Poland, Russia, and Spain (each with N=1), Each participant was

compensated with KRW 30,000 (≈ USD 22).

4.6.2 Conditions

We conducted a within-subjects experiment with two conditions:

• Baseline: Participants could use the web search freely, such as making queries to better contextu-

alize content from the text they read. We selected the baseline to be close to the current behaviors.
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• DataDive: In addition to using the web search, participants were able to use the full features of

the system, including highlights on statistical claims, suggestions for contextualization, and data

exploration.

4.6.3 Procedure

Participants read two texts for the DataDive condition and the Baseline condition, respectively.

Participants were instructed to read the text thoroughly and encouraged to consider what information

they wanted to learn more, especially related to their personal contexts. Before using the system, we

briefly introduced it and let the participant use it for 10 minutes to get used to it.

Materials

We selected two articles from the New York Times on global issues, each with statistics. The articles

were on carbon emissions7 (Carbon Emission) and decreasing fertility rate8 (Fertility Rate). To manage

the reading time, the articles were reduced to around 500 words by removing various portions of the

text.

Pre-Task

At the start of the session, participants filled out a survey with demographics and Likert-scale

questions on their familiarity with online information search, online statistical information search, interest

in carbon emissions, and interest in the population issue.

Task

The participants repeated the task twice, once with DataDive and once with only Baseline. The

order of the texts and conditions was counterbalanced. In each task, participants were given 5 minutes to

skim through the text and another 20 minutes to read it in detail. While reading the text in detail, they

could search the web for external information to aid their understanding. Participants could also use

DataDive depending on the experimental condition. During the session, we observed the participants’

behaviors while reading the text. Thereafter, they responded to a post-task survey. We first asked

open-ended questions about what they recalled from the text, the external information they explored,

and the questions they had while reading. We further asked 7-point Likert-scale questions about their

reading and information search experiences. Finally, we assessed the task load using NASA-TLX [163]

and the system’s usability using SUS [164] (for the DataDive condition).

Post-Task

After both tasks, we interviewed each participant. We asked participants about their workflow

when conducting searches, what prompted them to search, and when they used the system. We also

asked about their experience with the system and how it may have helped them contextualize the text.

Participants were asked to reflect on how their reading experience with the system differed from how

they might have read similar content in the past. Following this, we delved into their perceptions of the

7https://www.nytimes.com/2016/04/06/upshot/promising-signs-that-economies-can-rise-as-carbon-emissions-

decline.html
8https://www.nytimes.com/2023/02/09/upshot/china-population-decline.html
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Table 4.3: The average behavior counts to explore external information. The difference was significant

for the Fertility Rate article and for the total.

DataDive Baseline p-value Stats

Fertility Rate 7.20 5.00 0.018 U = 21.5

Carbon Emission 7.36 6.00 0.195 U = 36.5

Total 7.29 5.48 0.017 W = 119

system, including what they liked or disliked, the issues they faced, and suggestions for improvement.

We also asked about their willingness to use the system in the future and for what scenarios they would.

Data Analysis

To analyze user behavior, one of the authors counted the number of web searches and the number

of instances of using DataDive in each session.

To analyze the interview responses, we first transcribed all interview recordings with ClovaNote9,

and the two authors collaboratively extracted common themes from the interview transcripts.

To analyze participants’ open-ended responses to recalled facts after the task and to the recalled

questions, we invited three external evaluators who were proficient in English and Korean. One evaluator

analyzed both recalled facts and recalled questions, while the other two participated in either task. During

the analysis process, two evaluators worked together to establish shared criteria. The evaluators created

a list of recalled facts and a list of recalled questions per participant. Then, they annotated ones that

were (a) about the data itself (e.g. specific values or trends) and (b) about the interpretation of data

(e.g. data definitions, causal factors related to the trend, participants’ own insight). For recalled facts,

evaluators additionally annotated ones that were from out of the text.

4.7 User Evaluation Results

In this section, we present how DataDive supported the contextualization of statistical statements

and how it affected participants’ comprehension of data articles with statistical statements.

4.7.1 Assessment of RQ1

Our analysis of behavior logs and surveys suggested that DataDive led the participants to explore

more external information, while the number of questions participants had did not show a significant

difference across the conditions.

From the behavior logs, we observed that the participants attempted to search for more external

information when using DataDive compared to the Baseline condition. (Wilcoxon Signed-Rank Test, p

= 0.017, W = 119). The between-subject comparison showed that participants with DataDive searched

more in the case of Fertility Rate article (Mann-Whitney U test, p = 0.018, U = 21.5), while the

difference was not significant for the Carbon Emission article (Mann-Whitney U test, p = 0.195, U =

36.5) (Table 4.3).

9https://clovanote.naver.com
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Table 4.4: The number of recalled questions per each article and condition. We did not observe

statistically significant differences.

Article Measure DataDive Baseline p Statistic

Carbon Emission Questions 3.64 5.10 .830 U=51.5

Data-related 2.09 2.10 .971 U=54.0

Interpretation-related 2.45 2.00 .457 U=44.5

Fertility Rate Questions 4.10 4.36 .190 U=36.5

Data-related 1.70 1.73 .942 U=53.5

Interpretation-related 1.30 1.36 .853 U=52.0

Total Questions 3.86 4.71 .070 W=102.5

Data-related 1.90 1.90 .903 W=79.5

Interpretation-related 1.90 1.67 .750 W=54.0

Table 4.5: Participants’ self-rating on exploring external information. There was no statistical signifi-

cance between the DataDive condition and the baseline condition.

Carbon Emission Fertility Rate Total

DataDive Baseline DataDive Baseline DataDive Baseline

Motivated for searching 6.09 5.90 6.20 6.27 6.05 6.10

Success of finding information 4.64 5.30 4.70 5.45 4.71 5.38

Ease of finding information 4.91 4.90 4.90 5.18 4.90 5.05

Ease of understanding the

information found

5.00 5.30 5.30 6.00 5.05 5.67

Trustworthiness of information

found

5.55 5.70 5.70 4.91 5.62 5.29

Novelty of information found 5.09 5.00 4.90 4.45 4.81 4.71
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From the survey, we compared the number of self-recalled questions for each condition (DataDive

vs. Baseline) (Table 4.4). From the within-subject comparisons, we did not observe a statistically

significant difference in the number of questions (Wilcoxon Signed-Rank Test, p = 0.070, W = 102.5

for total question count, p = 0.903, W = 79.5 for data-related question count, p = 0.750, W = 54.0 for

interpretation-related question count), suggesting that DataDive supported the participants to explore

more context per question. However, the self-perception of participants’ reading behaviors did not show

significant differences between DataDive and the baseline condition (Table 4.5).

From interviews and observations, we found several instances of DataDive facilitating the exploration

of more contexts around the statistical statements. We first introduce the common types of external

information participants wanted and describe how DataDive’s underlines on statistical statements and

recommendations of potential contexts supported exploring contexts around data.

During the tasks, participants had diverse motivations to search for external information in both

the DataDive and baseline conditions. The most common case was searching for supporting evidence for

statistical statements (10/21 participants). The simplest cases were checking whether the numbers or

trends shown in the text aligned with the raw data they encountered. Participants also sought whether

the trends from the data and their explanations were persistent and generalizable to other contexts,

such as whether the decoupling between carbon emission and economic growth described in the Carbon

Emission article was actually a prolonged trend or not (8/21 participants). Additionally, searches to

gain more knowledge about the topic were common, such as the meaning of words (e.g., “Baby bonus”

and “Speed premium” policy for boosting birth rates, “Paris Agreement” for reducing carbon emissions),

and the definitions of the statistics mentioned in the text (8/21 participants).

In-text Underlines Nudging Exploration

Among the three ways to initiate exploration (underlined sentences, self-selected phrases, and en-

tering into a search box), the underlined sentences were perceived to be more convenient and likely more

reliable in ensuring that the system would provide high-quality results. 12 participants mentioned that

DataDive’s underlined sentences on statistical statements nudged them to pay greater attention to the

statement and be more interested in exploring the recommended questions for them. Out of 232 instances

of using DataDive to explore statistical information, 141 instances (60.8%) started from clicking the un-

derlined sentences and 61 instances from the free-form selections. P19 said, “As [underlined] highlights

picked statistical statements, I could pay more attention to them, which I might have missed if I read

[the article] without the system.”

Question Recommendations Encouraging Further Exploration

Participants commonly considered that the recommendation feature of DataDive encouraged them to

explore the datasets. Out of 240 clicks on the recommended questions, 165 instances (68.8%) were clicks

on the questions generated by the pipeline and 75 (31.2%) instances were clicks on the default question

(“Does the data support this statement?”), showing that participants often clicked the recommended

questions. Six participants valued the recommended questions as they provided novel aspects of the

issue. Eight participants thought recommended questions on statistical indicators helped them expand

their thoughts by considering novel aspects.

Among the recommended questions, personally relevant questions drew some participants’ interest

to explore further. This was particularly prominent for questions mentioning the participants’ home and
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Table 4.6: The number of recalled facts for each article and condition. The values are reported

as DataDive vs. Baseline. We did not observe statistically significant differences between conditions,

except for the number of recalled facts out of the text in the Carbon Emission article and in total.

Category Type Carbon Emission Fertility Rate Combined

Facts All 5.00 vs. 7.20

(p = .092)

6.90 vs. 6.91

(p = .972)

5.95 vs. 7.05

(p = .068)

Out-of-text 2.64 vs. 4.10

(p = .008)

2.50 vs. 3.45

(p = .178)

2.57 vs. 3.76

(p = .011)

Data All 3.09 vs. 4.30

(p = .144)

4.80 vs. 4.36

(p = .614)

3.90 vs. 4.33

(p = .282)

Out-of-text 2.50 vs. 2.00

(p = .344)

2.18 vs. 1.70

(p = .347)

1.86 vs. 2.33

(p = .240)

Interpretation All 3.82 vs. 4.30

(p = .825)

4.60 vs. 4.09

(p = .564)

4.19 vs. 4.29

(p = .791)

Out-of-text 2.36 vs. 2.20

(p = .938)

1.70 vs. 1.91

(p = .589)

2.05 vs. 2.05

(p = 1.000)

neighboring countries where they were interested to see what the situation reported in the text would

be like in their own country (5/21 participants). The questions took the scope of their interpretation

beyond the text to consider how it relates to themselves or other contexts they were aware of.

Nudging Features Potentially Leading to Passive Reading

However, at the same time, some participants (P3, P18) were concerned that the underlying and

recommended questions would discourage them from thinking about their own perspectives and instead

rely on the system’s guidance. P3 commented that “The list of questions made me read the text more

passively. I could see the questions when I clicked the sentence, so I didn’t really think about the

questions by myself. However, the provided questions were not really good ones touching the core of

the issue, so I felt I was a bit trapped in some frame.” Participants also pointed out cases where the

recommended questions were shallow and repetitive and where a greater variety would be appreciated

(5/21 participants). P3 said that “The provided questions were too simple and specific. They were

too focused on the facts themselves. I think the more important part is about the narrative with the

numbers, such as cases where the fertility rate dropped even when policies for fertility rates were in

action.”

4.7.2 Assessment of RQ2

Our analysis of the number of recalled facts and the self-evaluation on the knowledge gain did not

show statistically significant results from using DataDive, but participants shared some beneficial cases

from using DataDive.

From the post-task survey, we discovered that participants recalled more facts from the text and the

information search in the Baseline condition than in DataDive condition (Wilcoxon Signed-Rank test, p
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Table 4.7: Participants’ self-rating on their gain after the experiment. There was no statistical signifi-

cance between DataDive and the baseline condition.

Carbon Emission Fertility Rate Total

DataDive Baseline DataDive Baseline DataDive Baseline

Knowledge gain 6.27 5.50 5.80 6.09 6.05 5.81

Critical attitude 5.73 6.30 5.30 6.09 5.52 6.19

Enjoyment 6.00 6.00 5.60 6.00 5.81 6.00

Personal relevance 5.09 4.80 4.40 5.36 4.76 5.10

Exposure to greater context 5.55 5.30 5.40 5.82 5.48 5.57

= 0.011, W = 172.5) (Table 4.6). However, the number of recalled facts on data or data interpretation

did not show significant differences across conditions. This suggests that using DataDive led participants

to recall relatively more data-related facts.

Participants’ self-evaluation on their perceived knowledge gain from the task did not show significant

differences between the conditions (Table 4.7).

Still, we discovered notable cases where DataDive supported more discovery on the topic of the text

from the interviews and observation. Participants generally felt that DataDive provided easy and flexible

ways to explore data.

Increasing Awareness on Statistical Indicators

Some participants (P5, P12) valued that DataDive guided the use of data to observe social issues.

P5 shared an example of how DataDive helped them decide which indicators to use, “When the text says

‘Countries A and B emit [carbon dioxide] a lot’, then I would have vague thoughts on seeing the carbon

emissions of these countries and drag on the country names. DataDive suggested ‘CO2 emissions per

capita’, and I realized that emission per capita would be a more relevant indicator in this case.” Similarly,

P12 said, “Statistical statements often refer to the data abstractly, like ‘economic growth rate’. There

are multiple different metrics for economic growth, and it’s hard to recall them even though I already

know them. The system provides a list of relevant indicators, which helped me recall them.”

Also, with the variety of statistical indicators being available to the participants, participants had

new discoveries by swapping and comparing data (7/21 participants). From the Fertility Rate article, P6

clicked on a statement on Sweden’s parental leave to discover a recommended question “What impact

does the longer parental leave duration have on the labor force participation rate in Sweden?” From the

matched datasets, P6 unexpectedly discovered the data on the ratio between female and male participa-

tion in the labor force, which was almost equal to parity. P6 commented that the data supported what

they found about gender equality in Sweden from their previous web search, leading to more impressive

knowledge.

Critical Examination of Text

The participants commonly used DataDive to verify the trends and values of data within the text

(12/21 participants). They reflected that such verification behaviors were not common in their everyday

reading, yet was helpful for reading the text more critically (9/21 participants).
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Table 4.8: Participants’ task load for each condition with the NASA-TLX questionnaire. There was no

statistical significance between DataDive and the baseline condition.

Carbon Emission Fertility Rate Total

DataDive Baseline DataDive Baseline DataDive Baseline

Mental Demand 2.73 2.80 2.70 3.09 2.81 2.95

Physical Demand 1.45 1.80 1.60 1.64 1.52 1.71

Temporal Demand 1.91 2.10 1.80 2.09 1.86 2.10

Performance 3.45 3.90 3.80 3.73 3.67 3.81

Effort 3.55 3.80 3.80 3.73 3.76 3.76

Frustruation 2.09 2.10 2.40 2.36 2.33 2.24

Participants also mentioned that DataDive supported the identification of statistical fallacies by

providing a larger context. P18 gave a specific example, “There are statistical fallacies, like the trend

could be felt very different by how the data was normalized, or the data was relative or absolute. To be

aware of such [fallacies] from the articles I have to read the text in detail and think critically. But with

the system, I can discover such differences with a couple of clicks, which helped me critically read the

statistics.” During the tutorial, P11 read a short piece of text claiming that automation did not cause

the loss of jobs and by exploring the system, commented that “After I saw the actual data, I realized

how the author was cherry-picking the data. The unemployment rate in the past was high due to the

subprime mortgage crisis, and I thought the text was distorting the statistics. I wouldn’t have noticed

it if I didn’t check the past data beyond what was written in the text.”

4.7.3 Assessment of RQ3

While the standardized metrics’ usability scores suggest that DataDive needs further improvement,

participants generally valued the system for supporting focused browsing and interaction with data to

contextualize the statement.

The average SUS score for the system was 74 (Min = 40, Max = 97.5, SD = 15.61), suggesting

that participants had mixed opinions on the usability of the system. Task load between DataDive and

the baseline condition did not show a significant difference, showing that using DataDive did not incur

additional task load (Table 4.8).

Here, we list some commonly mentioned factors that affected participants’ perceptions of the sys-

tem’s usability and usefulness.

Credibility of Provided Information

During the user study, DataDive showed data only from authoritative sources, with metadata on

the data sources (Section 4.4.1). Participants typically considered the data provided by DataDive to be

credible (9/21 participants).

Conciseness of Results

Where web search results tended to contain a variety of media and data formation from a diverse

range of sources, the focused use case of DataDive was appreciated in removing the bloat of unneces-
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sary content while still providing vital and meaningful information (4/21 participants). Furthermore,

DataDive was appreciated for being more precise and efficient for statistical searches, as participants

can gain access to and wrangle with the data immediately to fit their purpose, rather than having to

sift through several web pages until they get to the relevant result or perhaps even fail to do so (4/21

participants).

Focused search

The structured nature of DataDive also allowed participants to be focused on diving into their

exploration of the system as compared to web search, where the breadth of information may distract

them and lead them to searches that deviate from their original intent (3/21 participants).

Easier Comparisons Between Data

Participants valued that DataDive provided easier interactions and options for freely comparing the

data (11/21 participants). When searching for statistical data from the web, they commonly relied on

image search or charts provided by the search engine, but felt limited as pre-generated charts show only

a static set of indicators over pre-selected countries and time (5/21 participants).

4.8 Discussion

In this section, we discuss potential directions for future research in contextualizing statements with

statistical data. First, we discuss additional application contexts that DataDive can support. Then,

we discuss the design decisions of our LLM-powered pipeline to produce factually reliable yet diverse

outputs. To generalize our findings, we discuss considerations for organically expanding the database of

datasets to encompass diverse data sources. Lastly, we discuss the limitations of our study and future

directions.

4.8.1 Incorporation of Contextual Information Beyond Structured Data

While DataDive focuses on supporting the discovery and exploration of relevant contexts based on

statistical data in structured forms, contextual information in other forms (e.g., natural language text,

visualizations, images) can introduce additional valuable information. In fact, a third of our user study

participants mentioned that they would have appreciated contextual information beyond just the statis-

tics in DataDive, such as governmental reports (P8) and news articles (P11). For example, information

in Wikipedia10 or informational videos can provide general background knowledge on the topics [165].

Temporal information, such as important events related to statistical entities, can be augmented with

data from news media, similar to the approach employed in Contextifier [63]. Furthermore, official

reports from governments and global organizations as well as research articles can provide credible inter-

pretations of data. Such additional information can be delivered to users through graphical overlays [166]

and text annotations. For example, in Figure 4.1C, DataDive could provide annotations of important

economic events in Sweden on the chart of GDP.

Including contextual information beyond structured data can also enable improvements in the recom-

mendations generated by DataDive and its visualization interface by leveraging knowledge for generating

recommendations of related entities or dates. For instance, in the example in Figure 4.1B, DataDive

10https://en.wikipedia.org
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could suggest potential mediating variables between economic growth and fertility rate from external

reports [167].

4.8.2 Considerations for Factually Reliable LLM-Powered System

In this work, we leveraged an LLM-based pipeline for two features: recommending potential con-

texts around statistical statements and mapping implicit data references and recommended contexts in

statistical statements to existing statistical entities, indicators, and time periods. To design the two

features, we utilized the generative capacity of LLMs in different ways.

For recommending potential contexts, we focused on diversity, using the LLM’s generation capability

to create a range of potential contexts. On the other hand, for mapping the contexts to statistical entities

and indicators, we prioritized relevance so that the pipeline would provide trustworthy information.

Therefore, we avoided solely relying on LLMs for mapping data references and generated the names of

entities using LLMs as a final resort. Instead, we matched references with semantic similarities first, and

we used LLMs to generate a method for resolving entities, such as creating SQL statements to resolve

the entities, to ensure more trustworthy responses. Since LLMs can hallucinate, we designed the system

to produce a list of potential alternatives and allowed the users to make the final selection. To support

users in making the decision, we also provided extra information such as teaser questions to explain how

the recommended contexts relate to the text and the explanation of statistical indicators to describe how

the contexts are related to the indicators.

However, for mapping implicit data references, we found that providing multiple candidates can

cause more challenges. Errors related to countries and dates were easily noticed and recoverable, but

participants had trouble recovering from incorrect statistical indicators as there were often many similar

statistical indicators. With false positives, participants felt that it was difficult to determine whether

the matched indicators were actually related to the statement, which, in the worst case, could have led

to false interpretations. For false negatives, participants had difficulty deciding how to recover from

the error as they were unsure whether the relevant indicators were present in the system or if their

input statement was wrong. To address this, providing more accessible and concise information for the

users to understand and verify DataDive’s output could better support them in handling errors. By

communicating the errors and uncertain cases to users, for example by providing visual warnings with

uncertain cases, users’ mental models of DataDive can also be improved.

4.8.3 Considerations for an Organically Growing Context Database

While we prepopulated the context database with datasets from Our World in Data [153, 154] and

the World Bank [155], we envision that the support for contextualization by DataDive would apply to

texts in other domains as well, such as local data [168]. To achieve this, users can potentially upload or

provide links to their data based on their needs to DataDive, which would organically grow the database.

We expect that this feature would attract a broader pool of users interested in domains not necessarily

covered by our seed datasets.

However, we foresee several challenges in supporting the organic expansion of the system. Ensuring

the credibility of the data [149, 150, 151] would be one challenge. Another issue would be ensuring the

integrity and consistency of the data across different datasets, which is known to be one of the most

effortful and time-consuming processes from data science literature [169, 170, 171]. Also, as DataDive

encompasses more data, DataDive would need to be able to disambiguate a large set of indicators or
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entities with similar names. One potential solution would be having moderators to manage the expanding

datasets and build rules from data definitions and formats of existing centralized sources, such as Our

World In Data 11, Data Commons 12, or FRED 13. With the established rules, moderators can manage

the new datasets added to the system by validating against seed datasets and enforcing the matching

format. We envision that such a collaborative ecosystem for organizing trustworthy and coherent datasets

and supporting the collaborative analysis of data [172] will further enrich DataDive.

4.8.4 Limitations and Future Work

Generalizing Evaluation & User Study Findings. We evaluated the pipeline of DataDive with

only text on global social issues and a database on global social issues. To verify the generalizability of

the pipeline, future work can evaluate the pipeline with different sets of indicators and statistical entities

from various contexts.

For the user evaluation, we only tested the system with news articles on social issues in a controlled

setting. We expect that the motivations and behaviors of using DataDive would differ according to users’

goals when reading text and the type of text. Also, in this study, we evaluated the system only with

college students. We expect that the level of expertise and experience with data and the topic of the

article would affect the value of DataDive. In future work, we expect that longitudinal studies in real-life

settings with diverse participants, such as a diary study, could capture the usefulness of DataDive in

diverse settings. Lastly, the recalled facts were not verified against the source article and the underlying

data, so the measure does not distinguish accurate recall from misremembering; the counts in Table 4.6

should be read as an indicator of engagement with the material rather than of accurate learning.

Improving Runtime Efficiency. Due to the multiple calls to the LLM, the delay in responding to

user input was often noticeable, which hampered the user experience (P4, P5, P6, P7, P9, P20). We

believe that the runtime efficiency of the pipeline can be further improved by parallelizing calls to the

LLM or leveraging more efficient LLM models with fine-tuning. Furthermore, preprocessing sentences

while the user is reading through the text could reduce wait time.

4.9 Conclusion

The meaning of statistical statements differs by what context it was interpreted in. While readers

may consider their own or relevant contexts when reading statistical statements to develop their own

understanding, it is challenging to do so due to the barriers in searching for contextual information

around them. We built DataDive, an interactive system to support the contextualization of statistical

statements in texts by recommending diverse potential contexts around the statements and providing

relevant data, powered by an LLM-based pipeline to parse statistical statements, generate potentially

relevant contexts, and map statements to the datasets. Our evaluation results showed that the pipeline

could produce meaningful recommendations and retrieve relevant datasets, and that the users of DataDive

could easily explore contextualizations around statistical statements.

11https://www.ourworldindata.org
12https://www.datacommons.org/
13https://fred.stlouisfed.org/
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Chapter 5. FrameIt: Supporting Respectful Online

Discussions through Moral Foundations

This chapter presents FrameIt. All uses of “we”, “our”, and “us” in this chapter refer to the

collaborators who contributed to this work.

5.1 Motivation & Contributions

I am . Single use plastics are 
 for example hygiene and infection prevention in hospitals. 

 I think banning only single-
use plastic is not the right solution. 

against the idea of banning all single-use plastics
essential for saving lives,
Alternative materials have their own environmental harms.

User1

User2

I totally agree 
I support banning single-use plastics

with your concerns. It is not realistic to make a plastic-free world 
overnight. However,  because it will be a 
start of breaking the “use and throw” culture and making people conscious of 
the long-term damage to the environment. 

Topic: Should Single-Use Plastics be Banned? 
Moral Foundations 

Identified from Comment

Online Discussion

Suggestions & Feedback

on Comment

Discussion 
Participant

Care/Harm
Fairness/Cheating

Now I understand where that 
opinion came from...

I still think we should stop 
using single-use plastics 
because...

The comment is not grounded 
on Care/Harm...

To support your stance from 
Care/Harm, ... 

To better support your argument, ... 

2. Writing Comment Considering 
Other’s Moral Values

Understanding Moral Values

behind the Comment

FrameIt 

Figure 5.1: Conceptual diagram of FrameIt. FrameIt supports engaging in respectful online discussions

by taking into account the moral foundations of the other discussion participants. From each comment,

FrameIt identifies the moral foundations (e.g., Care/Harm) to help users better understand the perspec-

tives of others. When writing comments, FrameIt provides feedback and suggestions that encourage

users to consider the moral values of others.

Online discussions have the potential to be a space for constructive dialogue on social issues, in

which participants exchange diverse perspectives and establish a shared understanding of the issues [112,

173]. Such dialogue is an essential element for informed public opinion and democratic decision-making.

Realizing this potential requires people to acknowledge that people with different opinions may have valid

reasons to disagree with their own positions [174] and to have a willingness to hear them out [175, 176],

which we refer to “respectful engagement”. However, in reality, online conversations among participants

with opposing views often fall short. People frequently end up talking past each other, failing to engage

in a meaningful exchange of ideas, dismissing others’ views, and further reinforcing their own prior beliefs

rather than considering different perspectives.

A key driver of this failure lies in how people interpret disagreements of opinions. People tend

to experience their own views as direct, unmediated readings of reality. As a result, people tend to

attribute disagreement to the other person’s ignorance or bias [177, 178, 179], rather than recognizing

that opposing positions may stem from genuinely different underlying values [180]. This interpretive

failure helps explain why interventions that simply increase exposure to opposing views often backfire,

heightening incivility and polarization rather than reducing them [30, 181]. Exposure adds information

about what others believe, but it leaves untouched how that belief is interpreted: encountering a view

one already attributes to bad character only confirms the attribution. Fostering respectful engagement,
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therefore, requires intervening not at the level of exposure but at the level of interpretation to shift how

participants make sense of the disagreement they encounter.

Researchers have explored diverse interventions designed to foster respectful engagement. One

thread of research focused on refining what views users encounter: instead of exposing people to oppos-

ing opinions indiscriminately, these systems provide algorithms and interactions to surface diverse yet

agreeable opinions [60, 53, 51, 56, 57, 59, 58]. A second thread of research explored reshaping how opinions

are expressed, nudging users to reflect on the quality and tone of their opinions [182, 183, 184, 185, 119]

or directly rephrasing others’ messages to sound more receptive [173, 186]. Still, both threads leave the

act of interpretation untouched, changing what users see or how they speak rather than how they make

sense of a view once they encounter it. A third thread of research focused on scaffolding perspective-

taking so that users can reason about why others hold a position. Existing research commonly provided

social cues, such as demographic profiles, social media profiles, and social media feeds, to reason about

the motivations behind different opinions [111, 75, 76]. However, identity-based cues risk oversimplifying

individuals’ viewpoints or triggering partisan bias [180], and none of these approaches directly help users

reinterpret the source of disagreements: the underlying values that give rise to it.

In this work, we investigate whether explicitly surfacing the differences in values underlying dis-

agreements could facilitate respectful engagement. We hypothesize that translating surface-level opinion

differences into differences in value systems can shift how users attribute disagreement, from a question

of who reads the reality correctly to a question of which moral concerns each side weighs more heavily.

We expect this reappraisal to foster recognition that an opposing position is grounded in a coherent set

of value commitments, even where the reader does not share them, making the position more intelligible

and more worth engaging with. We do not hypothesize that surfacing value systems will change partic-

ipants’ opinions or make their arguments more persuasive; rather, the intended mechanism is a shift in

how participants interpret and respond to disagreement and differing opinions.

We operationalize this approach with the framework of Moral Foundations Theory (MFT). The most

widely used version of MFT describes five broad dimensions that shape people’s moral judgments through

pairs of virtues and vices: Care/Harm, Fairness/Cheating, Loyalty/Betrayal, Authority/Subversion, and

Sanctity/Degradation [187, 188]. In this work, we selected MFT for three reasons. First, it offers an

empirically grounded taxonomy for understanding the moral pluralism underlying variations in people’s

opinions on social and political issues [187, 189, 190, 191, 192]. Second, research on “moral reframing”, a

communication strategy of tailoring arguments to align with the moral foundations of the listeners, has

shown that these foundations can facilitate cross-cutting communication on politicized issues [193, 194,

195, 196, 197]. Third, extensive computational research showed that moral foundations can be identified

from texts [198, 199, 200] and used to generate morally grounded arguments [201], demonstrating the

feasibility and validity of technical supports. We treat MFT as one productive instantiation of a broader

idea of scaffolding discourse with a shared value framework, rather than as the only or the best set of

values for shaping public reasoning.

However, it remains unclear how the concept of moral foundations can be leveraged to support

laypeople’s everyday online discussions. To address this gap, we first conducted formative interviews

with 13 frequent online discussion participants to understand their perceptions of moral foundations in

online discussions and potential challenges of using them. Most interviewees imagined that MFT and

moral reframing could be effective tools for respectful engagement, while raising practical concerns about:

i) identifying others’ moral foundations from short comments, ii) constructing coherent arguments when

reframing around unfamiliar perspectives, and iii) maintaining their sense of agency and ownership in
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expressing their views and opinions.

Based on these insights, we developed FrameIt, a prototype interactive system that fosters respectful

engagement with people with different opinions by explicitly surfacing other participants’ moral value

systems (see Figure 5.1). While reading a discussion thread, FrameIt highlights the underlying moral

foundations at both the comment and sentence levels, with explanations of how each foundation relates

to the argument, surfacing the differences among moral foundations and their connections to the ar-

gumentation. To provide the annotations, FrameIt automatically analyzes each comment using a set

of LLM prompts that generate both moral foundations annotations (as moral tags) and explanations.

While replying, FrameIt supports the user in stating their points while being aware of differences in

moral foundations. It offers three forms of support: a real-time indicator of moral alignment between

the user’s reply and the target post’s foundations; LLM-generated discussion points that support the

user’s stance while aligning with others’ foundations; and, upon request, LLM-generated feedback on

drafts addressing moral alignment, logical validity, and tone.

We first evaluated the performance of LLM prompts in detecting moral foundations embedded in

the comments using a subset of the Moral Foundation Reddit Corpus [202]. Our LLM prompts identi-

fied each moral foundation with precision ranging from 0.25 (Loyalty/Betrayal) to 0.53 (Care/Harm),

recall ranging from 0.43 (Sanctity/Degradation) to 0.80 (Care/Harm), and F1 scores ranging from 0.34

(Loyalty/Betrayal) to 0.63 (Care/Harm). The F1 scores were comparable to the performance of the

SOTA model. At the same time, these results indicate that the prompts tended to over-annotate moral

foundations compared to human annotators, requiring critical interpretation of user responses.

To assess FrameIt’s effect on users’ perception towards different opinions and their discussion behav-

iors, we conducted two user studies: a within-subjects comparative study (N=22) examining FrameIt’s

effect on users’ attitude towards different opinions, and a five-day-long deployment study (N=15) ex-

ploring FrameIt’s influence on the discussion atmosphere on a more holistic level. Our findings from

the comparative study show that surfacing moral foundations helped participants better understand the

value systems embedded in others’ comments, with the self-reported survey showing that participants

felt they could better understand and sympathize with others. In the deployment study, participants

described discussions with FrameIt as more respectful compared to their experiences on typical online

discussion platforms. They specifically reported that moral foundation labels facilitated perspective-

taking and reflection on their own arguments. At the same time, we observed an important tension:

some participants perceived that FrameIt blurred productive contestation, as awareness of fundamental

value differences sometimes led to premature “agreeing to disagree” rather than deeper engagement.

These findings surface a meaningful design tension between deliberative and agonistic ideals for online

discourse arising from the design of FrameIt

Summing up, this chapter makes the following contributions:

• FrameIt, an interactive prototype system for surfacing moral foundations to scaffold respectful

engagement with different opinions,

• Empirical findings on how surfacing moral foundations can shape perceptions of different opinions

and discussion behaviors, revealing both benefits for understanding and receptiveness towards

opposing views and a potential tension between fostering respectful engagement and maintaining

productive contestation.
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5.2 Formative Study

To identify practical and perceptual barriers to using moral foundations in online discussions, we

conducted formative interviews with frequent users of online discussion platforms. The interviews focused

on two questions: (a) how people perceive Moral Foundations Theory and what challenges they anticipate,

and (b) the appropriate level of technical support and reliance for respectful engagement. Although MFT

is rooted in psychology, we deliberately recruited frequent discussion participants rather than expert

psychologists: our goal was a prototype grounded in users’ authentic needs and expectations, not a

flawless psychological instrument.

We recruited 13 participants who engaged in online discussions on social issues at least three times

per week for a 1-hour semi-structured interview. Recruitment channels included a local university board,

X (formerly Twitter), Reddit, Upwork, and Prolific. Participants’ ages ranged from 19 to 61 and rep-

resented diverse nationalities, including the US, Kenya, and India. Their primary discussion platforms

were Reddit, X, and Facebook. In the interviews, we first asked about participants’ motivation for par-

ticipating in online discussions and the main challenges that they encountered in pursuing constructive

conversations. We then introduced the concept of moral foundations and moral reframing, asking them

to imagine how they might apply it and what challenges they anticipated with this approach. Finally,

we asked about participants’ perceptions of AI support and reliance in online discussion spaces. We

analyzed the interviews using affinity diagramming and identified three common themes that led to our

design goals.

5.2.1 Design Goals

In the interviews, most participants described online discussions as a space to share opinions, learn

something new, and understand others’ viewpoints, rather than to persuade. While few were familiar

with Moral Foundations Theory or moral reframing, they valued moral reframing as a way to foster

respectful conversation by understanding and caring for others’ value systems. From these insights, we

derive three design goals for applying MFT to facilitate respectful online discussions.

DG1. Support the identification of the moral foundations of other discussion participants.

Participants commonly expressed concerns about their ability to understand others’ moral values from

limited information about other participants in the discussion. F10, F12, and F13 specifically pointed out

the difficulty of grasping other people’s moral foundations from limited information available in online

discussion spaces, which is often limited to comments and profiles (such as on Reddit). They often

noted that the information displayed is not enough to understand other discussion participants and

where they are coming from. To address this, we propose that the system should enable users to easily

identify moral foundations from the comments. Because identifying moral foundations involves subjective

interpretation and remains challenging for automated methods [110], the system should provide reasoning

at the comment and sentence levels to explain its results and allow users to correct its mistakes.

DG2: Support aligning one’s arguments with the moral foundations of other discussion

participants Another challenge that was mentioned was linking the specific moral foundations to

the arguments. F13 mentioned the challenge of connecting the moral foundations with the specific

discussion topic, “Connecting moral foundations with arguments might be hard. Even if I know that

there are some commonalities that I have (with others), they might be too far from the discussion topic.”
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Most participants (F1, F2, F6, F8, F9, F10, F11, F12, F13) considered logically concrete arguments with

factual support to be essential for a constructive discussion. At the same time, we expect that framing

arguments around others’ moral foundations could complicate the construction of logically coherent

arguments from differing perspectives. Therefore, we propose active, specific support to align their

arguments with others’ moral foundations while maintaining logical coherence, fostering a constructive

and respectful discussion environment.

DG3: Preserve users’ sense of agency in shaping arguments Participants valued online dis-

cussion as a space to express their own opinions while listening to others’ views, and emphasized the

importance of maintaining agency over their contributions. F11 worried that moral reframing could

feel like “Opening a bit too much to the other side”, and requiring agreement beyond their comfort.

This concern aligns with prior findings that moral integrity can limit people’s willingness to apply moral

reframing [203]. Participants also expressed that the appropriate level of system support should remain

to assist the argumentation process, such as providing background knowledge (F8), counterarguments

(F7, F11, F13), or advice on language choice (F1, F2, F10, F11), rather than the AI directly shaping

their arguments by explicit interventions. Accordingly, we propose that system support should remain

at the level of suggestions and feedback, preserving users’ agency in shaping their own arguments.

5.3 FrameIt

FrameIt is intended for individuals who participate in discussions on morally charged topics not

to reach common ground or persuade others, but to exchange views and understand new perspectives.

Rather than steering participants toward agreement, FrameIt fosters a respectful environment by sur-

facing the moral frames underlying each position. We illustrate the overall interactions with FrameIt

through a hypothetical use-case scenario, followed by implementation details for moral foundation de-

tection and for suggestion and feedback generation.

5.3.1 Use Case Scenario

Amy Belkins is a 28-year-old married freelancer with two kids. She loves discussing topics online,

especially social issues, to exchange various perspectives and learn more about them. One of the topics

she is most passionate about is the ‘Single-Use Plastic Ban’. She believes that single-use plastics should

be banned due to the environmental harm they pose.

Reading Comments with Moral Foundations of Others (DG1)

Amy discovers a thread on FrameIt that argues against the single-use plastic ban. She opens the

thread and reads the comments from other FrameIt users who are arguing against her opinion. While

reading these comments, she notices tags of moral foundations on each comment header, as well as on

a sentence-level (Figure 5.2A). From reading the comments, she finds that most comments that argue

against the ban have the “Care/Harm” tag. Intrigued by the tags, she hovers on the “Care/Harm” tags on

each comment to read how the moral foundation of “Care/Harm” relates to the comment (Figure 5.2B).

After reading them, she learns that most of the comments focus on the necessity of plastics, such as for

hygiene, and the potential economic damage (DG1). She understands that people who oppose the ban

on single-use plastic are concerned about the harm to people. At the same time, she thinks the existing
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Figure 5.2: FrameIt presenting the comments in the discussion thread. (A) FrameIt presents a list of

moral foundations relevant to the comment as tags. Foundations with high confidence have a solid outline,

while those with low confidence have a diffuse outline. (B) When hovering on one moral foundation,

FrameIt explains how it is embedded in the comment as a tooltip. FrameIt also highlights sentences

related to that foundation. (C) When the highlight button is clicked, FrameIt highlights each sentence

with its moral foundation. When hovering on each sentence, FrameIt explains how each sentence is

related to the moral foundation.
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Figure 5.3: Reply screen of FrameIt. FrameIt supports users to express their opinions in online

discussions while considering the moral foundations of the original poster to support respectful online

discussions. (A) FrameIt shows the moral foundations of the comment the user replies to, both at

the comment and sentence levels. (B) The user can select the target moral foundations based on the

foundations of the original comment. (C) While writing the comment, FrameIt analyzes the comment

in real-time to show whether the comment is aligned with the selected moral foundations. (D) FrameIt

provides suggestions and feedback to write the argument.

comments still underestimate the environmental harm caused by single-use plastics. She decides to reply

to one of the comments to contribute her point.

Writing Comments Considering the Moral Foundations of the Others (DG2, DG3)

Amy enters the Reply Screen to write the comment (Figure 5.3). While she sees that the com-

ment contains more than one moral foundation (Figure 5.3A), she decides to focus on claiming her

position around the “Care/Harm” tag. She crosses out other tags from the Target Moral Foundation list

(Figure 5.3B) to keep the focus on getting her point across.

However, when Amy tries to write her opinion, she feels unsure how to get her point across, arguing

in terms of the harm towards people (DG2). She first starts her comment with her concerns around

the environmental damage and clicks the “Suggest Discussion Points” button to get suggestions for the

potential argument she can make. Then, FrameIt generates a set of ideas to argue for the single-use
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B
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Figure 5.4: User interaction of FrameIt for using suggestions on discussion points and feedback. (A)

The user can write their comment in the textbox. (B) When the user clicks Suggest Discussion Points,

FrameIt generates a list of potential discussion points based on the original post’s content, the current

comment content, and the target moral foundations. (C) When the user clicks the Generate Feedback

button, FrameIt generates a list of feedback on logical flaws, misalignment of moral foundations, and the

tone of the comment.

plastic ban from the “Care/Harm” perspective, including rephrasing environmental damage as long-term

harm to humans and suggesting a compassionate transition (Figure 5.4B). Amy thinks the ideas would

be effective for moving the discussion forward while respecting the OP’s opinion (DG3). She iterates her

initial comment into a fully written text.

While writing, FrameIt consistently diagnoses the moral foundations embedded in the draft in real-

time and visually indicates whether her draft is aligned with the “Care/Harm” foundation with the

Moral Alignment Indicator (Figure 5.3C). When she tries to conclude her argument by emphasizing

the importance of preserving the environment’s purity, the indicator shows “Morally unaligned”. When

hovering over it, Amy learns that the argument about purity concerns the “Sanctity/Degradation”

foundation and iterates the tone of the argument (DG2, DG3).

After finishing the initial draft, she wants to make sure her comment is well-supported and well-

received by other discussion participants (DG2). Amy clicks on the “Feedback on Comment” button.

FrameIt provides a list of ideas to improve the comment, including potential counterarguments and ideas

for better aligning with the target moral foundation (Figure 5.4C). With the feedback, Amy revises

the comment several times, gains confidence in the comment as she believes it will push the discussion

forward, and posts it for others to see.

5.3.2 System Implementation

FrameIt employs an LLM-powered pipeline with two components: 1) detecting the moral foundations

in text and 2) generating argumentation support and feedback grounded in these moral foundations.

Although there are different versions of the MFT [204, 187, 205, 206, 188], we have decided to design

our system with the original version described by Haidt and Joseph [187, 188] as most datasets and

benchmarks have been designed around this version of the MFT [202, 198]. This choice lets us reuse

existing resources for both implementation and evaluation.
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Detecting Moral Foundation from Comments in FrameIt

To identify moral foundations in comments, we designed a set of LLM prompts. We chose to use

LLMs instead of existing moral foundation classifiers [198] for their potential to generate explainable

results. Specifically, our prompts were structured to provide sentence-level classification and natural-

language rationales for each detected moral foundation, enabling users to critically assess and understand

the system’s results (DG1). Each classification is done in the scope of the comment. This design choice

was made to make the classification as objective as possible, since the holistic input from the discussion

might introduce bias, especially given that the input tokens might be too large to analyze holistically.

As the detection of moral foundations is inherently subjective, we aimed to incorporate diverse

perspectives in determining them. To that end, we employed two state-of-the-art LLMs: FrameIt first

uses the gpt-5-2025-08-07 model to identify an initial set of relevant moral foundations for a given

comment. Then, a claude-sonnet-4-20250514 model identifies another set of relevant foundations from

an alternative perspective, generating a rationale for each moral foundation, and produces sentence-level

annotations. If a moral foundation is detected by both models, it is annotated as likely. If it is detected

by only one model, it is annotated as moderate. The likely foundations are presented with a solid outline

in the interface, while the moderate ones are presented with a diffuse outline (Figure 5.2).

During our iterations, we found that GPT models tended to favor precision, assigning moral foun-

dations only under clear relevance, while Claude models favored recall, assigning them more broadly.

By combining these models, we aimed to produce a comprehensive set of relevant moral foundations

while still distinguishing the most strongly supported. With this, we believe that FrameIt provides a

good basis for constructive and respectful discussion through showing the foundations in a non-binary

representation.

Supporting Argumentation with Moral Foundation

To support the writing process of arguments grounded in moral foundation with the goal of fostering

a constructive and respectful environment, FrameIt provides three main features: (1) real-time analysis

of moral alignment, (2) discussion point suggestions, (3) and feedback generation.

For the Moral Alignment Indicator, FrameIt analyzes the moral foundations of the user’s comment

in real time and compares them with those of the original comment. FrameIt uses the same prompt for

moral foundation detection with gpt-5-2025-08-07, producing a verdict on the alignment.

The Suggest Discussion Points feature is powered by gpt-5-2025-08-07, with a few-shot prompt

designed to a) identify the main claim and the stance on the issue from the user’s current draft and

b) generate discussion points that support the user’s main claim while aligning with the target moral

foundations. This design helps users consider the moral perspectives of others (DG2) without altering

their main claim (DG3).

To implement the Generate Feedback feature, FrameIt uses gpt-5-2025-08-07 with a prompt to

generate feedback on improving the comment draft. The feedback addresses five types of issues: (i)

potential counterarguments, (ii) logical fallacy, (iii) lacking evidence, (iv) moral misalignment, and (v)

tone of the comment. The first three (i.e., potential counterarguments, logical fallacy, lacking evidence)

are adapted from prior work on LLM-supported argumentation tools [91], while the latter two were

added to support our goal of fostering constructive arguments through moral reframing.
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Technical Stack

FrameIt was built as a standalone prototype system using React in the frontend, and FastAPI as

backend.

5.4 Technical Evaluation

We conducted a technical evaluation using an existing dataset to assess whether our pipeline can

reliably identify moral foundations in online comments. As determining the relevant moral foundation

is an inherently subjective task and lacks a definite ground truth, we do not expect perfect agreement

with the ground truth data. Instead, this evaluation provides an estimate of the level of reliability users’

might experience when interacting with FrameIt.

5.4.1 Methods

As a ground truth dataset, we used the Moral Foundations Reddit Corpus [202], which contains

16,123 English Reddit comments. Each comment was annotated by at least three human coders for

moral foundations. Annotations fall into three categories: (i) a list of all related moral foundations, (ii)

thin morality, a moral claim without a clear moral foundation, or (iii) non-moral, i.e., no moral claim was

found. Each annotation was also assigned a three-level confidence label: confident, somewhat confident,

and not confident.

Because the dataset does not provide a single consensus annotation per comment, we first aggregated

the annotations. For each moral foundation, as well as thin morality and Non-moral, we computed an

aggregated likelihood score by weighting annotations according to the annotator’s confidence using a

weighted average. We assigned a weight of 5 to confident annotations, 3 to somewhat confident, and 1

to not confident, respectively. The score for each label was computed as:

Score =
(5× Confident + 3× Somewhat Confident + Not Confident)

(Number of Annotators)

For each moral foundation, we then decided an intensity label based on the score: likely if the score

exceeded 1.67, moderate if the score was below 1.67, and unlikely if no annotator agreed on it. The

threshold of 1.67 was empirically selected from the score distribution, corresponding to the case where

at least two annotators, including one confident annotator, agreed out of three.

Table 5.1: The number of occurrences per moral foundation and the likelihood in the ground truth.

Likelihoods Extremely Likely Moderate Extremely Unlikely

Care/Harm 168 235 1097

Fairness/Cheating 170 261 1069

Loyalty/Betrayal 31 130 1339

Authority/Subversion 60 229 1211

Sanctity/Degradation 18 127 1355

Thin Morality 177 505 818

Non-Moral 837 324 339
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Table 5.2: The precision, recall, and F1 score per each moral foundation. Our evaluation results show

that the our LLM prompts showed performance comparable to the SOTA model.

Frame Model Precision Recall F1 F1 Binary score of SOTA Model [198]

Care/Harm GPT-4o + Claude-3.5-Sonnet 0.53 0.73 0.62 Care: 0.50 / Harm: 0.56

GPT-5 + Claude-4-Sonnet 0.53 0.80 0.63

Fairness/Cheating GPT-4o + Claude-3.5-Sonnet 0.38 0.85 0.52 Fairness: 0.57 / Cheating: 0.61

GPT-5 + Claude-4-Sonnet 0.46 0.74 0.57

Authority/Subversion GPT-4o + Claude-3.5-Sonnet 0.29 0.83 0.43 Authority: 0.39 / Subversion: 0.37

GPT-5 + Claude-4-Sonnet 0.37 0.67 0.48

Loyalty/Betrayal GPT-4o + Claude-3.5-Sonnet 0.22 0.70 0.33 Loyalty: 0.64 / Betrayal: 0.40

GPT-5 + Claude-4-Sonnet 0.25 0.53 0.34

Sanctity/Degradation GPT-4o + Claude-3.5-Sonnet 0.27 0.43 0.33 Sanctity: 0.49 / Degradation: 0.25

GPT-5 + Claude-4-Sonnet 0.34 0.43 0.38

Thin Morality GPT-4o + Claude-3.5-Sonnet 0.47 0.44 0.45 N/A

GPT-5 + Claude-4-Sonnet 0.51 0.30 0.37

From the dataset, we randomly sampled 1,500 comments (i.e., approximately 10%), to ensure that

our evaluation covers a representative number of samples with reasonable API costs. Table 5.1 shows

the ground truth distribution of the moral foundations in the sampled comments.

We measured the precision and recall for each moral foundation, treating both likely and moderate

as positive cases. Precision was defined as the proportion of cases that the pipeline labeled as positive

that were also labeled as positive in the ground truth. Recall was defined as the proportion of positive

cases in the ground truth that were also identified as positive by the pipeline.

5.4.2 Results

We evaluated the performance of the pipeline using two criteria: (i) precision and recall in detecting

non-moral comments and (ii) the likelihood scores for each moral foundation.

Table 5.2 reports the precision, recall, and F1 score for each moral foundation across the two gen-

erations of flagship LLMs available at the time of our studies. With gpt-5-2025-08-07, the precision

ranged from 0.25 (Loyalty/Betrayal) to 0.53 (Care/Harm), and the recall ranged from 0.43 (Sancti-

ty/Degradation) to 0.80 (Care/Harm). Our prompts achieved F1 scores on par with MoralBERT [198],

the state-of-the-art model for detecting moral foundations, even though the evaluation setups differ: our

pipeline classifies five moral foundations, whereas MoralBERT tackles a more challenging 10-class task

by separating each foundation into its virtues and vices (e.g., Care vs. Harm). Our empirical results

suggest that our prompts tend to assign moral foundations to the comments more readily than human

annotators. We consider this an acceptable bias, reflecting a tradeoff between precision (i.e, risk of

omitting some moral foundations) and recall (i.e., risk of including less relevant moral foundations). In

FrameIt, the pipeline deliberately prioritizes recall, since users can critically assess the system’s analy-

sis and disregard irrelevant moral foundation labels. This design choice aligns with our design goal of

FrameIt being supportive but not intrusive (DG3).

We also observed variation in precision across moral foundations: our LLM prompts more reliably

detected Care/Harm and Fairness/Cheating compared to other foundations. We attribute this to the

underlying language model having more training data for Care/Harm and Fairness/Cheating [207, 208].
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Table 5.3: Demographic profiles of the user study participants and their prior opinions on the two

issues used in the experiment. The prior opinions were measured in a 7-point Likert scale (1: Strongly

Disagree, 7: Strongly Agree).

Single-use Plastic Ban Cancel Culture

No. Age Gender Nationality Prior Condition Prior Condition

CP1 28 Female South Korea 5 FrameIt 6 Baseline

CP2 24 Female South Korea 6 FrameIt 3 Baseline

CP3 28 Female Peru 5 Baseline 5 FrameIt

CP4 22 Female Philippines 6 Baseline 4 FrameIt

CP5 21 Male Azerbaijan 5 FrameIt 4 Baseline

CP6 23 Male Austria 3 Baseline 1 FrameIt

CP7 24 Male Austria 6 Baseline 1 FrameIt

CP8 24 Female South Korea 6 FrameIt 4 Baseline

CP9 26 Male South Korea 6 Baseline 2 FrameIt

CP10 24 Male Kazakhstan 5 Baseline 4 FrameIt

CP11 21 Male Myanmar 6 FrameIt 3 Baseline

CP12 26 Male Bosnia and Herzegovina 6 FrameIt 2 Baseline

CP13 22 Female South Korea 4 Baseline 2 FrameIt

CP14 21 Female South Korea 6 FrameIt 4 Baseline

CP15 28 Female South Korea 6 Baseline 4 FrameIt

CP16 26 Female South Korea 5 Baseline 2 FrameIt

CP17 24 Male South Korea 5 FrameIt 2 Baseline

CP18 21 Female Kazakhstan 6 FrameIt 4 Baseline

CP19 29 Male South Korea 2 Baseline 2 FrameIt

CP20 22 Male Kyrgyzstan 5 FrameIt 4 Baseline

CP21 21 Male Tajikistan 4 FrameIt 2 Baseline

CP22 19 Male South Korea 5 Baseline 2 FrameIt

5.5 User Study 1: Comparative Lab Study

To examine whether engaging in online discussions with FrameIt fosters more respectful opinion

expression, we conducted a synchronous, comparative lab study. The study focused on assessing the

effects of FrameIt on both reading and writing comments, compared with conventional online discussions.

5.5.1 Participants

We recruited 22 participants from the online community of several universities in South Korea

and Austria. Participants (12 male, 10 female) were aged 21 to 29 (M = 24) and represented diverse

nationalities. Each received KRW 40,000 (approximately USD 30) as compensation for completing the

study. Table 5.3 summarizes participant profiles, including age, gender, nationality, and prior opinions

on the issues used in the experiment. This study received approval from a university’s Institutional

Review Board (IRB).
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5.5.2 Conditions

We conducted a within-subjects study with two conditions: FrameIt and a baseline. In the FrameIt

condition, participants had access to all features of FrameIt powered by the most up-to-date models avail-

able at the time of the study, gpt-4o-2024-08-06 and claude-3-5-sonnet-20240620. In the baseline

condition, only a simple input box was provided to simulate a conventional online discussion setting.

The within-subjects study design allowed us to account for people’s different discussion habits while

also collecting participants’ qualitative comparisons between FrameIt and conventional online discussion

methods.

For the study, we selected two topics that a) had a variety of opinions based on a diverse set of moral

foundations, b) were well-known to the public to ensure the participants had initial thoughts on the issue,

and c) were not specific to a single country. We selected two topics from ProCon.org1: Single-Use Plastic

Ban and the effect of Cancel Culture. We counterbalanced the order of the conditions and the discussion

topics, while ensuring equal distribution of prior opinions across conditions.

To simulate a realistic discussion setting for each topic, we searched Reddit’s r/changemyview for

relevant discussion threads. We used the following discussion thread for each topic:

• Single-Use Plastic Ban: The War on Plastic is a Mistake2

• Cancel Culture: There is no remedy for “Cancel Culture” that doesn’t involve the destruction of

freedom of expression3

To ensure coverage of diverse moral foundations while balancing cognitive load across the topics, we

selected a subset of comments from each thread that represented a range of perspectives on the issue. For

the discussion on Single-Use Plastic Ban, we included the original post and seven (out of 98) comments,

and for Cancel Culture, the original post and five comments (out of 444). The difference in the number

of comments is attributed to differences in comment length and in the distribution of moral foundation

tags, ensuring a similar spread of total comment length and diversity of foundations represented. To

observe the use of FrameIt for diverse moral foundations and contrasting viewpoints, we also selected

one comment per topic that explicitly opposed the stance of the original post. In the study, participants

were asked to reply to both the original post and the selected opposing comment.

5.5.3 Procedure

Participants first completed a short pre-task survey about their prior opinion on the issues and their

perceptions of people with incongruent views.

They then received a short introduction to the Moral Foundations Theory and moral reframing. We

introduced the moral foundations as “a set of foundational values that trigger people’s moral thoughts,

universally observed across different cultures and populations” [187], and described each foundation in

detail based on the definitions by Haidt [187]. Moral reframing was introduced as “a persuasive technique

that frames the argument based on the moral foundation that others care about”, illustrated with an

example from prior work [203].

For each discussion topic, participants read the discussion thread and posted one reply to the

original post and one reply to a pre-selected comment, simulating typical online discussions. Each topic

1https://https://www.britannica.com/procon
2https://www.reddit.com/r/changemyview/comments/17mtjoz/cmv_the_war_on_plastic_is_a_mistake/
3https://www.reddit.com/r/changemyview/comments/1cx9b1x/cmv_there_is_no_remedy_for_cancel_culture_that
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was assigned 30 minutes. Participants were free to use external resources, including web searches and

LLMs. During these sessions, we observed them engaging in reading and writing comments.

After discussing each topic, participants completed a short post-task survey about their perceptions

of incongruent views and their discussion experience.

After completing all tasks, we conducted a semi-structured interview focusing on their experience

with FrameIt, including how using FrameIt to read and write opinions differed from using the baseline,

how they used specific features, and potential improvements.

5.5.4 User Study Measures

To evaluate changes in participants’ attitude towards the opinions of others, we adopted an existing

set of questions on conversational receptiveness [175, 209]. From the original 18 questions, we selected

10 measuring intellectual curiosity and derogation of opponents, excluding those on ‘negative emotions

towards incongruent views’ because they overlapped with other questions, and ‘feeling issues as taboo’,

which were more about the perception of the issue itself.

For qualitative insights, we transcribed interview logs using ClovaNote4 and collaboratively devel-

oped themes of system usage through author discussion. To complement these findings, we also asked

7-point Likert-scale questions on the users’ discussion experience, focusing on their attitude towards

others while reading and writing opinions.

5.6 User Study 1 Results

In this section, we report our findings of how using FrameIt affected participants’ attitudes and

behaviors toward commenters holding different opinions. We also report our observations on how par-

ticipants used FrameIt.

From a within-subjects comparison of self-reported responses of discussion experience, we found

that the participants could better understand the opinions of others (Wilcoxon Signed-Rank test, p =

0.0016, W = 8.0) and sympathize with them (Wilcoxon Signed-Rank test, p = 0.0089, W = 22.5) when

using FrameIt compared to the baseline interface (Table 5.4). We also conducted a between-subjects

comparison of the scores across conditions for each topic. On the Cancel Culture issue, participants

using FrameIt reported better understanding of others’ opinions than those in the baseline condition

(Mann-Whitney U test, p = 0.038, U = 91.5), whereas no statistically significant difference was observed

for the Single-Use Plastic Ban issue.

Qualitative evidence from the interviews further revealed that FrameIt helped participants under-

stand others’ opinions and sympathize with them. Participants described the experience with FrameIt as

reading the comment from the commenter’s perspective rather than their own, which gave them a better

sense of understanding others and sympathizing with them. As CP15 explained, “With the analysis [of

FrameIt], I thought, ‘This person thinks this value is very important, so that’s why they are making this

point,’ giving me a sense of understanding others better. Without the system, I just superficially un-

derstood the arguments.” In contrast, when using the baseline system, participants reported difficulties

identifying the moral foundations underlying other’s comments, which limited their ability to understand

others’ values and reasoning.

4https://clovanote.naver.com
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Table 5.4: Pairwise comparison of self-evaluated discussion experience between FrameIt and baseline

conditions. Questions with statistical significance were bolded.

Discussion Experience in General Baseline FrameIt p / W

The arguments from the comments were worth reading. 5.77 6.09
p = 0.14

W = 10.5

From reading the discussion, I deeply understood the opinions

of others including their underlying motivations and values.

5.00 6.09
p = 0.0016*

W = 8.0

From reading the discussion, I could sympathize with the

opinions of others.

4.45 5.45
p = 0.0089*

W = 22.5

I felt full ownership over the opinions I shared in my comments. 5.95 6.09
p = 0.58

W = 27.0

I wrote comments that were logically concrete and well-supported with

evidence.

4.54 4.86
p= 0.36

W = 38.0

I wrote comments while respecting the views of the person I replied to. 5.45 5.82
p = 0.21

W = 23.5

After reading my comment, I believe the person I replied to would

sympathize with my view on the issue.

4.55 5.14
p = 0.075

W = 29.5

I felt like my comment would be able to convince other people with

opposing views on this issue.

4.86 4.95
p = 0.85

W = 64.5

Table 5.5: Comparison of self-evaluated discussion experience between FrameIt and baseline conditions

on Single-use Plastic Ban issue. We did not observe any statistically significant difference.

Discussion Experience on Single-Use Plastic Ban Baseline FrameIt p / U

The arguments from the comments were worth reading. 5.72 6.18
p = 0.33

U = 74.0

From reading the discussion, I deeply understood the opinions of others

including their underlying motivations and values.

4.91 6.0
p = 0.054

U = 89.0

From reading the discussion, I could sympathize with the opinions of others. 4.90 5.64
p = 0.21

U = 79.0

I felt full ownership over the opinions I shared in my comments. 5.72 6.09
p = 0.56

U = 69.5

I wrote comments that were logically concrete and well-supported with

evidence.

4.27 4.64
p= 0.31

U = 76.0

I wrote comments while respecting the views of the person I replied to. 5.64 6.18
p = 0.19

U = 80.0

After reading my comment, I believe the person I replied to would

sympathize with my view on the issue.

4.45 5.27
p = 0.085

U = 86.0

I felt like my comment would be able to convince other people with

opposing views on this issue.

4.54 4.82
p = 0.76

U = 65.5
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Table 5.6: Comparison of self-evaluated discussion experience between FrameIt and baseline conditions

on Cancel Culture. Questions with statistical significance were bolded.

Discussion Experience on Cancel Culture Baseline FrameIt p / U

The arguments from the comments were worth reading. 5.82 6.0
p = 0.65

U = 67.5

From reading the discussion, I deeply understood the opinions of

others including their underlying motivations and values.

5.09 6.18
p = 0.038*

U = 91.5

From reading the discussion, I could sympathize with the opinions of

others.

4.00 5.27
p = 0.07

U = 88.0

I felt full ownership over the opinions I shared in my comments. 6.18 6.09
p = 0.97

U = 61.5

I wrote comments that were logically concrete and well-supported with

evidence.

4.82 5.09
p= 0.68

U = 61.5

I wrote comments while respecting the views of the person I replied to. 5.27 5.45
p = 0.59

U = 69.0

After reading my comment, I believe the person I replied to would

sympathize with my view on the issue.

4.64 5.00
p = 0.22

U = 78.5

I felt like my comment would be able to convince other people with

opposing views on this issue.

5.18 5.09
p = 1.0

U = 60.5

We also compared participants’ attitudes toward people with different opinions using self-rated re-

ceptiveness scores before and after using the Baseline system and FrameIt. On the Single-use Plastic

Ban issue, participants reported a significant increase in the perceived informativeness of opposing opin-

ions (Wilcoxon Signed-Rank test, p = 0.016, W = 0.0) and curiosity on opinion difference (Wilcoxon

Signed-Rank test, p = 0.046, W = 6.0) after using FrameIt. In contrast, none of the measures showed

significant pre-post differences when using the baseline (Table 5.7). On the Cancel Culture issue, willing-

ness to converse with people with different opinions increased significantly after using FrameIt (Wilcoxon

Signed-Rank test, p = 0.011, W = 0.0) (Table 5.8). We attribute these topic-wise differences in willing-

ness to converse as well as informativeness to the underlying characteristics of the topics. Cancel Culture

was perceived as more strongly related to ethical concerns than to factual content, which may explain

why participants benefited more from FrameIt in this context. In contrast, participants regarded the

Single-Use Plastic Ban issue as involving both factual information and moral values, which might have

led to improvement in perceived informativeness.

5.7 User Study 2: Deployment-based User Study

Contrary to the comparative lab study described in Sections 5.5 and 5.6, we conducted a five-day

deployment study to further understand how users engage with one another through FrameIt. The goal

of the study was to show an ideal environment where everyone uses FrameIt, with the goal of observing

the maximal effects of using FrameIt. Not having a baseline was a deliberate choice, as the goal of the

study was to observe a discussion in a homogeneous environment using only FrameIt.
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Table 5.7: Pre-post difference of self-evaluated receptiveness of the participants on Single-use Plastic

Ban issue. While there was no significant difference in the baseline condition, participants in FrameIt

condition had positive changes in the perceived informativeness and curiosity to different opinions.

Baseline FrameIt

Pre Post p / W Pre Post p / W

On this issue, I am willing to have conversations

with individuals who hold strong views opposite to

my own.

5.55 5.18 0.16 / 2.5 5.55 5.82 0.46 / 7.0

On this issue, I like reading well thought-out

information and arguments supporting viewpoints

opposite to mine.

5.90 5.54 0.36 / 2.5 5.55 5.64 1.0 / 7.5

I find listening to opposing views on this issue

informative.

5.45 5.90 0.42 / 4.5 4.82 6.0 0.016 / 0.0*

I value interactions with people who hold strong

views opposite to mine on this issue.

5.09 5.54 0.29 / 10.5 4.82 5.28 0.52 / 7.5

On this issue, I am generally curious to find out

why other people have different opinions than I do.

5.45 5.54 0.65 / 6.0 4.64 5.55 0.046 / 6.0*

I feel that people who have opinions that are

opposite to mine on this issue often have views

which are too extreme to be taken seriously.

4.36 4.36 0.93 / 13.5 4.18 4.55 0.51 / 17.0

On this issue, I feel that people who have views

that oppose mine rarely present compelling

arguments.

3.91 4.45 0.12 / 5.0 4.82 3.91 0.23 / 12.5

I feel that information regarding this issue from

people who have strong opinions that oppose mine

is often designed to mislead less-informed listeners.

4.82 4.73 0.79 / 12.5 4.18 3.82 0.55 / 12.5

I feel that people who have views that oppose mine

on this issue are often biased by what would be best

for them and their group.

5.0 4.64 0.31 / 11.0 4.91 4.09 0.14 / 3.5

I feel that people who have views that oppose mine

on this issue often base their arguments on emotion

rather than logic.

4.64 4.19 0.47 / 16.5 3.91 3.28 0.11 / 7.0
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Table 5.8: Pre-post difference of self-evaluated receptiveness of the participants on Cancel Culture issue.

While there was no significant difference in the baseline condition, participants in FrameIt condition had

positive changes in the willingness to have conversation with people with opposing views.

Baseline FrameIt

Pre Post p / W Pre Post p / W

On this issue, I am willing to have conversations

with individuals who hold strong views opposite to

my own.

5.64 5.81 0.49 / 5.0 4.55 5.27 0.011 / 0.0*

On this issue, I like reading well thought-out

information and arguments supporting viewpoints

opposite to mine.

5.81 5.81 0.73 / 12.0 5.55 6.0 0.096 / 3.0

I find listening to opposing views on this issue

informative.

5.00 4.64 0.42 / 16.0 5.63 5.28 0.19 / 1.5

I value interactions with people who hold strong

views opposite to mine on this issue.

5.00 4.82 0.68 / 6.0 5.18 5.45 0.52 / 13.5

On this issue, I am generally curious to find out

why other people have different opinions than I do.

5.72 5.45 0.57 / 14.0 5.91 5.82 0.74 / 9.0

I feel that people who have opinions that are

opposite to mine on this issue often have views

which are too extreme to be taken seriously.

3.63 4.09 0.21 / 7.0 5.09 4.09 0.10 / 9.0

On this issue, I feel that people who have views

that oppose mine rarely present compelling

arguments.

3.73 4.09 0.41 / 4.5 3.73 4.0 0.73 / 12.0

I feel that information regarding this issue from

people who have strong opinions that oppose mine

is often designed to mislead less-informed listeners.

4.00 4.72 0.13 / 2.0 4.18 4.18 0.48 / 10.0

I feel that people who have views that oppose mine

on this issue are often biased by what would be best

for them and their group.

4.09 4.36 0.59 / 18.0 4.82 4.45 0.60 / 11.0

I feel that people who have views that oppose mine

on this issue often base their arguments on emotion

rather than logic.

4.27 4.27 0.86 / 13.0 4.73 4.36 0.44 / 9.5
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Table 5.9: Demographic profiles of the field study participants and their prior opinions on the three

issues used in the experiment. The prior opinions were measured in 7-point Likert scale (1: Strongly

Disagree, 7: Strongly Agree).

Prior opinion (1–7 Likert)

No. Age Gender Nationality
Plastic

Ban

Animal

Testing

Progressive

Fining

DP1 25 Male South Korea 5 6 3

DP2 22 Female Kazakhstan 5 7 3

DP3 22 Male Ethiopia 6 5 7

DP4 25 Male South Korea 3 2 6

DP5 18 Female South Korea 3 5 2

DP6 20 Female Kazakhstan 3 5 4

DP7 30 Male South Korea 2 2 4

DP8 26 Male South Korea 3 1 5

DP9 26 Male South Korea 3 5 2

DP10 24 Female South Korea 5 1 5

DP11 21 Male South Korea 6 5 6

DP12 21 Female Philippines 5 2 6

DP13 22 Male Kyrgyzstan 7 7 5

DP14 22 Female Vietnam 1 5 7

DP15 18 Female South Korea 3 3 6

5.7.1 Participants

We recruited 15 participants from an engineering university in South Korea. Our participants (8

male, 7 female) were aged 18 to 30 (Median = 22) and had various nationalities. Table 5.9 summarizes

their profiles, including age, gender, nationality, and prior opinions on the three issues discussed during

the study. Each participant was compensated with KRW 50,000 (approximately USD 36). This study

received approval from a university’s Institutional Review Board (IRB).

5.7.2 Materials

Unlike the first user study, the deployment study involved a single condition, FrameIt, to qualita-

tively examine its impact on participants’ perceptions of others and their comment-writing process in

real online discussions, by creating a homogeneous discussion environment to observe the full effects.

To broaden the scope of analysis, we retained one topic from the previous study and introduced two

new topics. For each topic, we provided a neutral description of the topic along with commonly raised

arguments, adopted from existing discussion forums, to serve as a discussion starter:

• Should disposable plastic items be banned?5

• Should animal testing be banned?6

• Should fines be proportional to income (progressive fining)?7

5https://www.kialo.com/disposable-plastic-items-should-be-banned-29627
6https://www.kialo.com/should-animal-testing-be-banned-37070
7https://introductiontoethics.pressbooks.tru.ca/chapter/ethics-bowl-case-progressive-fines
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5.7.3 Procedure

The study ran for five days, excluding the pre-study tasks and the post-study interview.

Pre-study Tasks Prior to the first day, participants completed 7-point Likert Scale questions to indi-

cate their stance on the discussion topics. They also received a slide deck introducing the Moral Foun-

dations Theory and FrameIt, identical to the materials used in the comparative lab study (Section 5.5).

To support participants in better understanding the Moral Foundations Theory, we asked them to test

their own moral foundations priorities by completing the Moral Foundations Theory Questionnaire8.

After the pre-study tasks, participants engaged in the following activities on each respective day:

• Day 1: The participants wrote one comment on their assigned topic. The participants were

randomly assigned.

• Day 2: The participants picked a topic and wrote at least two comments in reply to the comments

of the others from Day 1.

• Day 3-4: The participants first revisited their comments from previous days. If they had replies

from other participants, they replied to at least one of them. Then, the participants selected a

topic that they had not participated in during the previous days and wrote at least one comment

as a reply to the comments of the others. If they had not received any reply to their comment,

they wrote at least two comments to others’ comments.

• Day 5: The participants first revisited their comments from previous days. If they had received

replies from other participants, they replied to at least one of them. If they had not received any

reply to their comment, they wrote at least one comment to others’ comments.

Throughout the study, participants used aliases to participate in discussions. To ensure sincere

participation, participants were asked to write more than 100 words for each comment and were instructed

not to use external LLM tools when composing their comments.

By the end of Day 5, all participants had contributed to each of the three discussion topics. Par-

ticipation was considered incomplete if a participant failed to complete the task on any day or did not

engage with all three discussion topics.

After completing the tasks for 5 consecutive days, participants were asked to complete a post-task

survey consisting of Likert-scale questions about their impressions of FrameIt and their opinions on the

discussion topics.

After completing the post-task survey, participants were asked to participate in a one-hour semi-

structured interview. During the interview, participants reflected on their experience of interacting

with others through FrameIt, discussed each system feature, and shared holistic impressions, including

perceived discussion quality and a sense of ownership.

5.8 User Study 2 Results

In this section, we present qualitative findings on how participants perceived the discussion experi-

ence with FrameIt and how FrameIt influenced their interactions with others.

8https://moralfoundations.org/questionnaires/
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5.8.1 Change in Discussion Atmosphere

Participants generally perceived discussions empowered by FrameIt as more respectful than typical

online discussions. They described conventional online discussions as “hostile to people with different

opinions” (DP5) and “a risk of being attacked” (DP11), which prevents them from actively participating.

In contrast, they perceived discussions with FrameIt as more formal, polite, and respectful, as the com-

ments in FrameIt often acknowledged opposing views and sought to complement rather than aggressively

refute them. DP9 described that such an atmosphere encouraged them to express respect for others’

opinions as well.

5.8.2 Scaffolding Respectful Communication

FrameIt encouraged participants to frame their discussions through the lens of moral foundations.

In this section, we present how participants used FrameIt’s features and illustrate how these features

shaped their experiences in real discussion settings.

Moral Foundations as Cues for Discovering Different Perspectives

Some participants (DP14) mentioned that they tried to discover opinions different from their own.

In that case, differences in moral foundations were often perceived as indicators of distinct stances on a

given issue, creating space for participants to discover new perspectives and arguments on the topic. In

some cases, participants became aware of different interpretations of the same moral foundation, which

also helped respect different opinions. DP4 reflected: “I advocated for the Progressive Fine, believing

that everyone should have an equal weight of financial burden. Yet, some criticized this as unfair. It

came down to a difference in how we value fairness: equitable burden versus absolute numerical equality.”

Moral Foundations as Cues for Careful Reading

The tags of moral foundations and sentence-level annotations were often used as an overview of

arguments guiding how to read the comments. Some participants valued them as a way to “grasp the

main points” (DP5), focusing on the annotated sentences (DP13). Some other participants thought that

the annotations encouraged them to read the comments more thoroughly. For instance, DP9 and DP14

perceived comments with more moral foundation labels as more comprehensive about the issue, which

encouraged them to read the comment in more detail. Participants perceived such guidance as helpful

for thoroughly understanding others’ comments. DP7 said, “For the single-use plastic ban, for instance, I

noticed that ‘Care’ and ‘Authority’ foundations were very prominent, rather than ‘Fairness.’ These were

values I hadn’t usually prioritized on myself, so I had to be mindful. While reading others’ comments,

I constantly asked myself, ‘What does Authority mean to this person?’ or ‘What does Care mean to

them?’ ”.

Perspective-taking

When the participants read comments with different stances on the issues, the moral foundations

helped them better understand the opinions and underlying arguments. Participants (DP3, DP4, DP5,

DP6, DP10, DP12) noted that the explicit labels for moral foundations helped them better understand

why people held different opinions. DP12 explained, “With the (Moral Foundation) labels, I got to know

about the users more and about their values”. By being aware of such differences, participants (DP1,
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DP3, DP4, DP5, DP7, DP10) felt they could be more open to different opinions. DP4 said, “If the moral

foundations someone else uses are different from mine, it sets a baseline that we are looking at things

from different angles. Knowing that there will be differences before I even start reading allows me to be

more open-minded and tolerant of their opinion.”

Deepening Thoughts via Aligning Moral Foundations

With explicit labels for moral foundations and FrameIt’s support for moral alignment, participants

felt they should write comments while considering others’ moral foundations. DP5 explained, “When

leaving a comment, I took into account the moral foundations reflected in the previous user’s comment.

This led me to formulate my own input as a supplement to theirs, either by offering counterarguments

supported by different evidence or by expressing agreement.” Engaging with such comments not only

broadened their understanding but also encouraged them to express their own stance through unfamiliar

moral foundations, thereby pushing the boundaries of their thoughts and perception on a topic. DP4

said, “When I encounter themes that others have used which I hadn’t considered, it forces me to keep

reflecting, which ultimately helps expand my own thinking.” While writing comments from unfamiliar

moral foundations, the Suggest Discussion Points feature served as a support to expand their reasoning,

particularly on topics where they held weak prior opinions or felt uncertain about how to substantiate

their stance on the issue. DP4 said, “When I have debates or disagreements with friends, sometimes they

point out things I would’ve never thought of. Suggested discussion points did the same—highlighting

those spots in advance, which helped me focus during the discussion, prepare counterarguments, and

expand my ideas.” Furthermore, DP4 and DP7 described that the overall process of writing comments

while aligning with the moral foundations helped them become more aware of their own moral founda-

tions.

Facilitating Reflection

Participants felt that discussing with FrameIt prompted them to reflect on the quality and the

respectfulness of their comments. DP9 said, “Normally, when I write comments in online communities,

I don’t think about the other person’s feelings—I just ‘dump’ my own thoughts. But here, I felt more

pressure because I had to consider the other person’s feelings.” Participants used the Generate Feedback

feature as the final step before clicking the submit button. They perceived the feature as a way to

gauge how others might perceive their comment, especially its weaknesses, before being refuted by other

discussion participants. DP10 said, “I felt that the feedback was a way to check how structured and

persuasive my opinion was.” The real-time Moral Alignment Indicator also encouraged the participants

to reflect on their tone. DP7 shared their experience, “The real-time indicator helped me not to think

too emotionally and subjectively. I sometimes leave very subjective comments, but the features of the

system kept encouraging me to consider the moral foundations.”

Facilitating Agreeing to Disagree

Participants often regarded the differences in moral foundations as inherent characteristics of indi-

viduals rather than as positions open to change. It led some participants (DP3, DP5, DP7, DP10, DP15)

to perceive opinion differences as stemming from fundamental value differences. In such cases, they chose

to “agree to disagree”, rather than engage in overheated discussions to change others’ opinions. For in-

stance, DP10 explained: “In discussions, I usually try to persuade others or gain sympathy for my view.
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But when I saw someone with completely different moral values, I thought their values wouldn’t change.

So I simply wrote, ‘This is my position, and that is yours.” On the positive side, DP3, DP5, and DP7

thought such an atmosphere could help people be more open to conversations with others with different

opinions to better understand each other, rather than engage in overheated discussions. On the other

hand, DP5 and DP10 thought that “agreeing to disagree” might not help participants reach a shared

conclusion.

5.8.3 Tensions

FrameIt was not always perceived positively.

Blurring the Contestation

Some participants had mixed opinions on whether the discussion atmosphere with FrameIt was

desirable. DP8 and DP11 argued that productive online discussions should surface contestation between

different opinions, enabling the participants to think on the relative weights and societal significance of

opposing opinions. However, DP8 thought that such contestations were blurred while other participants

were trying to respect others’ opinions, leading to “middle-ground” comments that, while rational, failed

to engage them in contestation. The experience of DP7 showed an instance: “It was fascinating to see

the root of our different perspectives. But because we understood each other’s positions so clearly, there

wasn’t a ‘clash’ of opinions. In fact, knowing exactly where they were coming from made it harder to

keep the discussion going.”

Excessive Cognitive Load

DP8, DP9, DP10, and DP13 thought the discussion on FrameIt was cognitively demanding and

time-consuming, limiting FrameIt’s application to real-world online discussions. For instance, DP1,

DP7, DP8, DP11, and DP12 felt that the Generate Feedback feature often demanded too rigorous

arguments for “classic” online discussions. DP8 remarked, “The feedback often pointed out the error of

overgeneralization. I was aware of it, but since the purpose of the discussion was to debate what’s more

important, I tended to argue more strongly. Others probably followed the feedback more. I think that’s

why others wrote softer comments to avoid being attacked from either side.”

At the same time, participants emphasized that the design of the Generate Feedback feature could

be more specific and actionable. For example, DP8 remarked, “When it comes to feedback, it usually

just points out what’s wrong. I think it’d be nice if it also gave me follow-up questions based on my

writing — like questions that challenge or respond to what I wrote. Instead of just a block of text, a list

of questions would feel more like a real conversation and be easier to follow.”

Experiencing Feedback as Supportive yet Intrusive

Some participants perceived the argumentation support features of FrameIt as overly intrusive,

“taking the fun out of writing their own ideas” (DP11). For instance, DP11 felt that Moral Alignment

Indicator prevented them from expressing their own views, as they felt reluctant to share their thoughts

when FrameIt encouraged them to adopt different moral foundations in their argument. With Suggest

Discussion Points and Generate Feedback features, participants (DP3, DP11) felt the generated points

did not feel like their own writing. DP2 said they often adopted the FrameIt-generated discussion points
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when they were stronger than DP2’s own points, but at the same time, they felt their comment was

‘artificial’.

Trust on the Analysis of FrameIt

The participants considered that the moral foundations tagged on the comment and each sentence

were acceptable in general, at least for their own comments. For instance, DP1 said, “I wrote a comment

around ‘Fairness/Cheating’ foundation. However, the system annotated one sentence with ‘Care/Harm’.

While it technically made sense, I felt it could disrupt the overall flow of the argument. Other users

might not notice it if they did not hover on the tag.” DP4 said, “I think the annotations were accurate

in general. Also, many sentences can be interpreted in multiple ways, so I could understand why it chose

those specific labels.”

5.9 Discussion

5.9.1 Theory of Change

In this paper, we designed FrameIt to foster “respectful engagement” among people with differing

opinions. By externalizing others’ moral foundations, we aimed to help participants better understand the

motivations and reasoning behind others’ stances, and to shift users’ attributions away from assumptions

of bad intent or irrationality toward legitimate differences in values.

Our findings from the user studies showed that surfacing moral foundations indeed helped partici-

pants better understand others, contributing to a respectful discussion environment. Findings from our

comparative user study demonstrated that awareness of others’ moral foundations helped participants

better understand others’ opinions and adopt a more receptive attitude towards them. Our 5-day de-

ployment study provided qualitative evidence for the mechanism underlying this difference in attitude:

awareness of others’ moral foundations facilitated perspective-taking, enabling better understanding of

the reasoning behind people’s opinions. Furthermore, FrameIt’s support for writing opinions aligned with

the moral foundations further encouraged participants to think more deeply about the issues and reflect

on their opinions. This pattern is consistent with the attribution shift we hypothesized: participants

engaged with a disagreement as a difference in what others valued, rather than as a sign of the other

person’s ignorance or bad faith.

At the same time, our receptiveness measures are more consistent with a recognition account than

with a reduction in derogation. Across both topics, the items that moved were those concerning the

perceived value of engaging with opposing views: informativeness and curiosity on the Single-Use Plastic

Ban (Table 5.7) and willingness to converse on Cancel Culture (Table 5.8). Items expressing derogation

of opponents, such as rating opposing views as “too extreme,” “biased,” or ” based on emotion rather

than logic,” often trended in the expected direction but did not reach significance. This suggests that the

clearest and most consistent shifts were in how intelligible and worth engaging with participants found

opposing views, rather than in how negatively they judged those who held them. This suggests that

FrameIt’s effect may be narrower than our initial hypothesis: surfacing value differences supported recog-

nition of opposing views as coherent and informative, which is a precondition for respectful engagement,

but we did not find clear evidence that it dissolved negative judgments of opponents.

While prior research has shown that providing diverse contextual information around comments can

shape readers’ attitudes [119, 81, 210, 174, 79, 80], our findings extend this line of work by demonstrating
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that making implicit moral foundations explicit can also positively influence how readers perceive and

engage in online discussions. However, we only observed these effects over a short period of time. Future

work should therefore examine whether surfacing moral foundations leads to sustained attitudinal and

behavioral changes through larger-scale longitudinal deployment studies.

5.9.2 Agreeing to Disagree: Respect at the Cost of Contestation

When participants recognized a disagreement as a difference in underlying values, they often treated

that difference as a fixed trait of the person rather than a position open to change, and chose to “agree

to disagree”. This had a clear upside. Rather than dismissing an opposing view, participants (DP3,

DP5, DP7) accepted it as a legitimate position and avoided overheated argument, which is the respectful

engagement we set out to support. But the same acceptance limited deeper engagement. Some partic-

ipants (DP5, DP10) noted that “agreeing to disagree” left them without a shared conclusion. Others

questioned whether a respectful exchange should be the goal at all: DP8 felt the shared drive to respect

opposing views flattened the discussion into rational but inert “middle-ground” comments, and DP11

argued that productive discussion should instead surface and weigh competing positions. These two

outcomes may stem from the same underlying shift: seeing an opposing position as grounded in a stable

value makes it worth respecting and also makes it look unchangeable.

These outcomes reflect a tension between two ideals of discourse. We designed FrameIt around

a deliberative ideal: a respectful exchange of logically concrete arguments (DG1, DG2), in line with

the norms of deliberative democracy [37]. Its features were designed to support reflection on others’

moral values and to improve the logical quality of comments. Some participants, however, valued an

agonistic ideal, in which open contestation between opposing positions is itself what drives democratic

discourse [34, 211]. For them, understanding why others held a position made the discussion easier to

respect but harder to continue. This suggests that the deliberative ideal we assumed is not universal,

and that the value of surfacing moral foundations depends on what a discussion is for.

FrameIt should therefore be tailored to the discussion’s purpose. When the goal is consensus,

such as collaborative decision-making, accelerating mutual understanding is useful. When the goal is

contestation, the same interactions could be applied in different ways. The system could surface shared

foundations first to prevent early disengagement and reveal differences only once a discussion begins to

overheat. It could also be selectively activated, for instance, to foster respect for minority viewpoints

rather than to smooth over every disagreement.

5.9.3 Conceptual Generalization Beyond Moral Foundations

While FrameIt leverages Moral Foundations Theory (MFT) as its primary interpretive lens, we

believe that our findings point to a more general design pattern: an interactive system can mediate

disagreement by making implicit value structures explicit during interaction. The core mechanism is

not the specific taxonomy, but the introduction of a shared interpretive scaffold that redirects attention

from surface-level claims to the underlying priorities they express. Consistent with this reading, our

results represent a successful application of one particular value framework rather than evidence for the

universal adequacy of MFT.

We selected MFT because it offers an empirically grounded and computationally tractable account of

the moral pluralism behind opinions on social and political issues. However, many disagreements are only

partly moral. For instance, disagreements about public health policy during a pandemic may be partially
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explained through moral foundations [196, 212], but they also reflect trade-offs among economic stability,

public safety, individual liberty, and cultural practices [213]. These dimensions extend beyond moral

reasoning. Existing computational approaches to issue framing and value detection could therefore be

integrated to surface non-moral priorities, broadening the scaffold while preserving the same underlying

mechanism.

Generalizing beyond MFT raises important research questions. Different value frameworks vary in

granularity, cultural specificity, and normative assumptions. The choice of taxonomy may influence not

only how disagreement is interpreted, but also how it is transformed through interaction. We observed

two effects with MFT: participants better recognized opposing positions as coherent, but also came to

see value differences as fixed. Whether these same effects occur with other value frameworks is an open

question, and future work could test this by directly comparing frameworks.

5.9.4 Ethical Implications

FrameIt algorithmically interprets and surfaces the moral structure of user-generated content. This

leads to a sensitive normative position: it does not merely facilitate discussion, but actively mediates how

disagreement is framed and understood. We discuss several ethical considerations from our positioning:

Over-reliance on Interpretive Labels Our technical evaluation showed that the pipeline delib-

erately favors recall over precision, over-annotating moral foundations relative to human annotators

(Section 5.4). Yet participants generally accepted the system’s labels as reasonable. The combination

of imperfect, over-assigned labels and high user trust may enable FrameIt to quietly shape judgments

before users form their own. In our studies, we observed instances in which participants accepted the

system’s analysis without critically evaluating its validity, suggesting the risk of over-reliance. This dy-

namic is particularly concerning given that moral foundation attribution is inherently subjective and

pluralistic; previous work suggests that even human annotators often disagree on moral categoriza-

tions [202, 214, 198]. When users defer to AI-generated moral labels, the system may unintentionally

narrow interpretive diversity and present contested classifications as if they were objective facts. Design-

ing such systems, therefore, requires careful preservation of user agency. AI-generated frames should be

presented as hypotheses rather than authoritative judgments, and interfaces should explicitly communi-

cate uncertainty and encourage critical reflection rather than passive acceptance.

Bias and Cultural Partiality in Moral Interpretation The LLMs powering FrameIt are trained on

datasets that potentially reflect historical and cultural imbalances. Prior work has shown that such mod-

els disproportionately encode Western-centric perspectives and may amplify political or cultural biases

present in their training data [215, 216]. This raises particular concerns, as FrameIt provides interpreta-

tions of moral foundations. Prior research suggests that Western and politically liberal populations tend

to emphasize the Care/Harm and Fairness/Cheating foundations more strongly than others [187, 217].

If the underlying models share or amplify these distributions, FrameIt may systematically over-detect

certain foundations while under-representing others, subtly shaping discourse in culturally partial ways.

Such asymmetries are especially consequential in political or cross-cultural discussions, where differential

sensitivity to particular moral foundations may influence how disagreement is interpreted. We believe

that deploying FrameIt would require ongoing auditing, cross-cultural evaluation, and calibration to

mitigate systematic skew.
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Manipulation and Strategic Moral Framing Making moral foundations explicit may also enable

manipulation of public opinions. While surfacing moral structure and arguing in terms of others’ moral

foundations can support empathy and reflection, it can also be leveraged to craft persuasive or manipula-

tive messaging tailored to others’ moral profiles. In adversarial contexts, such affordances could be used

to reinforce misinformation, deepen polarization, or exploit value-based vulnerabilities through different

cultural or political contexts. Mitigating such misuse requires careful consideration of access controls,

transparency about system decisions and reasonings, and constraints on how moral analyses are surfaced

or operationalized.

5.10 Limitations and Future Work

We recognize several limitations of our work. First, we tested FrameIt with a limited group of partic-

ipants recruited from universities. In both studies, participants were generally well educated, suggesting

they found it easier to understand the concept of moral foundations and to write well-supported argu-

ments. Also, although the participants were fluent in English, English was not their primary language,

which could have affected their commenting behavior. Moreover, in both studies, interview responses

indicated that some participants exhibited socially desirable behaviors, such as greater respectfulness

and politeness, due to the study’s setup.

Second, we acknowledge that the more recent versions of the MFT with more fine-grained sets of

values, such as including Liberty/Oppression or dividing Fairness/Cheating into Equality and Propor-

tionality, may better explain people’s moral reasoning. Despite that, we chose the initial version of the

MFT because it was the most widely used, not only in communication and psychology but also in natural

language processing and computational social science.

Future work could address these limitations through a deployment study of FrameIt on diverse

social media and discussion forums, for instance, by developing it as an add-on. Such a deployment

study could also enable us to investigate the generalizability of FrameIt, including how replies differ

when moral foundations are considered. This could give insight into potential changes in the discussion

tone, constructiveness, quality, and overall atmosphere.

5.11 Conclusion

Constructive online discussions can, under the right circumstances, promote mutual understand-

ing across different opinions and foster common ground. However, in practice, many online discussions

are characterized by incivility and disrespect, which hinders meaningful exchange of opinions between

participants. To address this challenge, we built FrameIt, an LLM-powered system for respectful and

constructive discussion that explicitly surfaces participants’ value systems grounded in the Moral Foun-

dations Theory. FrameIt identifies moral foundations in other participants’ comments using a set of

LLM prompts and supports users in writing comments aligned with these moral foundations. FrameIt

provides three forms of support: (1) real-time analysis of alignment of moral foundations, (2) suggestions

for discussion points grounded in others’ moral foundations, and (3) feedback on comments in terms of

both logical quality and moral alignment. From our user evaluations, we found that FrameIt helped

participants recognize the moral values of others’ perspectives, enabling them to engage more openly

with differing opinions and contribute more constructive and respectful comments. At the same time, we

observed a tension between “agreeing to disagree” with different opinions, adopting a respectful attitude,
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and hindering contestation between conflicting viewpoints. Building on these insights, we discuss design

implications for future AI-mediated discussion systems that abstract and mediate between differing per-

spectives on complex issues. We expect that the findings and design lessons from this work will inform

future research on fostering more constructive and respectful online discussions, ultimately contributing

to a more civil, respectful, constructive, and inclusive online discourse environment.
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Chapter 6. DecideTogether: Supporting Automoderation with

Subjective Criteria through Human-AI Collaborative

Calibration

This chapter presents DecideTogether. All uses of “we”, “our”, and “us” in this chapter refer to the

collaborators who contributed to this work.

6.1 Motivation & Contributions

Online communities rely on rules to govern member behaviors and sustain their distinct identities,

norms, and values [105, 218]. Although communities often face structurally similar challenges, such as

spam, personal attacks, off-topic discussion, and low-quality contributions, each community develops its

own rules that reflect its particular context [219, 220, 218, 221]. A “Be Kind” rule, for example, can

point to a tone that one community treats as baseline civility and another treats as overly restrictive;

what counts as “frank advice” in a career-focused community may read as gatekeeping in another. The

same behavior can be acceptable in one community and a violation in another. The answer to whether a

given post belongs is community-specific and case-specific [222]. When moderators develop and enforce

such rules, they exercise discretion shaped by an evolving sense of what and who the community is

for [220, 221].

When a moderator creates a rule, this moderation intent, the moderator’s sense of what behavior

fits the community, manifests in two forms. The first is the rule text, which communicates the stance

to community members and sets shared expectations about what is acceptable. The second is the

automoderator logic, which enforces the stance at scale in a machine-executable form such as regular

expressions or keyword lists [223, 224, 225]. Because human moderators cannot review every submission

at the scale of active communities, most platforms rely on tools such as Reddit’s automoderator [226] and

Discord’s MEE6 [227] to implement this logic-based enforcement. They work for rules whose violations

are lexically signaled, such as a banned slur, a forbidden URL, or an off-topic flair, but are poorly suited

to interpretive rules whose violations depend on tone, context, and the moderator’s reading of intent

rather than on any specific word [228, 229, 230, 222]. Each form expresses the same moderation intent

in a different register, and the moderator’s task is to articulate that intent into both.

Carrying intent into each form is difficult, and for different reasons. The first difficulty concerns

the rule text. Moderators’ enforcement intent is not fully formed in advance but is articulated through

iteration [231]. What a rule like “Be Kind” actually filters out in a given community often becomes

legible only when moderators are confronted with borderline cases within their own community and

make decisions about them. The intent is tacit, grounded in norms and tone that resist direct statement,

so committing it to rule text is itself an act of articulation rather than transcription.

The second difficulty concerns the automoderator logic. Even when a moderator has a settled sense

of intent, translating it into consistent automated behavior is hard. Data-driven classifiers trained on

past moderation decisions address some subjective cases, but they often lack explainability and require

large amounts of data to provide community-specific moderation [232, 233]. Recent systems instead use

LLMs as judges that assess whether a post violates a written rule [225, 224, 234, 235], but to enforce a
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subjective rule, the model must fill in what the rule leaves unsaid, and its reading can diverge from the

moderator’s. Because the logic runs at scale, a gap between the intended and the enforced reading can go

unnoticed. The LLM’s stochasticity compounds this, since the same post can be judged differently across

runs. This opacity is a substantive obstacle for a high-stakes, accountable activity: moderators need to

see why the system reached a given decision in order to trust it and to correct it [224]. Closing the gap

between intent and system behavior thus requires iteration, running the system on real posts, evaluating

its decisions, and revising the prompt or rule. Yet moderators currently face a steep gulf of execution

and evaluation in this loop, since it is rarely clear which edit to the prompt will produce the desired

change in behavior, or whether an observed change reflects a genuine fix or stochastic noise [236, 224].

In this chapter, we present DecideTogether, an interactive system that supports moderators artic-

ulating their community-specific subjective moderation intent into community rules and automoderator

logics. It supports moderators in articulating their community-specific subjective intent into a rule text,

and in translating that intent into automoderator logic whose behavior they can inspect and align. By

sampling posts and comments, DecideTogether first provides a community profile of the community’s

norms, represented by predefined tags across four dimensions: Purpose, Participants, Stakes, and Tone.

When the user writes a rule to describe their moderation intent, DecideTogether provides LLM-generated

rule text suggestions based on the rule’s high-level goal and the community profile, to support incor-

porating context-dependent rationale into the rule. Based on the rule text, DecideTogether produces

a set of binary questions that serve as the internal logic for automoderation, designed to ensure the

consistency of the LLM’s verdicts and to provide fine-grained explanations of the decisions. The user

can test the alignment between the automoderation behavior of DecideTogether and their moderation

goal and criteria by examining the automoderator-generated verdicts on the real community posts and

comments in the moderation queue. The user can further refine their moderation intent by editing

the rule texts, specifying relevant community profile tags around the rule, or editing the logic directly.

DecideTogether supports the refining process by providing live previews of how the change will impact

moderation decisions and by suggesting updates to the logic based on previous error cases.

We evaluated DecideTogether with a technical evaluation and a user study. With the technical eval-

uation, we evaluated whether DecideTogether’s rule-compilation pipeline preserves the goals and intent

of natural-language rules. Using an LLM-as-a-judge approach, we evaluated the quality of compiled logic

across four dimensions: coverage, logical correctness, minimality, and clarity, comparing logic compiled

with and without community context. Furthermore, we evaluated moderation-decision accuracy on a

ground-truth moderation dataset constructed from 15 subreddits spanning Q&A, advice, debate, and

hobby communities, and examined whether iteratively updating the compiled logic from observed errors

improves alignment with human decisions. Our results showed that the automoderator logic generated

by DecideTogether accurately captured the goals and intents of the rule text and substantially outper-

formed direct rule-text prompting in replicating human moderators’ decisions, reaching 65.9% accuracy

after error-driven updates. Adding community context produced logic better aligned with moderation

intent, though its effect on decision accuracy varied with the granularity of a community’s existing rules.

To explore how DecideTogether supports moderators in shaping their moderation goals and criteria,

and in aligning the automoderator with their intent, we conducted a qualitative user study with 10 com-

munity moderators. To thoroughly observe the process of shaping the moderation goals, we asked the

participants to create a new rule to moderate problematic posts involving subjective decision-making for

a hypothetical community. The findings from our qualitative observations and interviews showed that

DecideTogether enabled its users to articulate and refine their moderation intents through a bidirectional
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dialogue, in which they examined how DecideTogether interpreted their initially vague or tacit intents

into automoderator logics and moderation verdicts on posts, and revised their intents in response. Be-

yond intent articulation, we found that the subjective nature of DecideTogether’s decisions reshaped how

moderators perceived trust and control: rather than treating control as a parallel concern, participants

regarded it as a precondition for trust, finding DecideTogether’s contestable subjective decisions trust-

worthy precisely because they were paired with non-autonomous execution that deferred final judgment

to human moderators.

This chapter provides the following contributions:

• DecideTogether, an interactive system that scaffolds moderation intent into both a communicable

rule text and an inspectable, alignable automoderator logic within a community context

• A technical evaluation showing that DecideTogether’s rule-compilation pipeline preserves the in-

tent of natural-language rules and that error-driven logic updates improve alignment with human

moderation decisions

• Empirical findings showing how DecideTogether supports expression and refinement of moderation

intents and how DecideTogether shapes moderators’ notions of trust and control for subjective

automoderation

6.2 Design Goals

In this section, we present design goals for supporting moderators to articulate their intents for

automating subjective moderation. We ground these goals in established findings from prior work on

automoderation and on aligning LLM behavior with human intent.

6.2.1 DG1: Surface Latent Criteria in Community Context

Moderators begin from a high-level intent whose operative criteria are not yet explicit. What a rule,

such as “Be Kind”, should filter is underspecified at the outset and depends on the community’s norms,

values, and recurring cases, which makes the same words mean different things across communities [222,

219, 237, 218]. Because the intent is tacit and grounded in community-specific expectations, moderators

struggle to spell out these criteria directly when authoring rule text or configuring automoderation [226,

230].

The system should help moderators surface the latent criteria implied by their high-level intent,

interpreted in the context of the community rather than the rule string alone. Rather than asking the

moderator to specify an exhaustive rule in advance, the system should make explicit the criteria for the

intent that this community entails, so that articulation begins from a concrete reading of what the rule

means here.

6.2.2 DG2: Make Automoderation Results Usable for Intent Articulation

Automoderation results are a moderator’s main evidence about whether a rule captures their intent,

but current tools make them hard to read for this purpose. Regex-based tools fail in ways close to

debugging: a result reflects whether the pattern matched, not whether the intent was right [226]. LLM-

based moderation introduces the opposite problem, since the model fills in what the rule leaves unsaid
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and its output varies across runs, so a wrong decision is ambiguous between a misstated intent and model

noise [225, 224, 235]. When an error cannot be attributed, the result cannot inform articulation.

The system should make automoderation results usable as evidence about intent. This requires

reducing incidental variation so that a change in output reflects a change in the rule rather than stochastic

noise, and presenting decisions so that a moderator can attribute a mismatch to their own intent and

revise it. The aim is to turn results from outcomes to be debugged into signals that guide articulation.

6.2.3 DG3: Keep Rule Authoring and Revision Legible Without Technical

Expertise

Moderators often lack the technical background to author or adjust automoderation logic directly,

and regex-era tooling imposed a high cost on every change [226]. Lowering the surface cost of editing is

not sufficient on its own: when a wording change propagates into machine behavior opaquely, moderators

lose track of what their rule now does [236].

The system should let moderators author and revise rules in natural language while keeping the

effect of each revision legible, showing how a change to the rule alters concrete decisions. Editing should

not require operating on the logic directly; instead, revising the rule in accessible terms should be the

means through which the underlying logic is updated, with the consequences of that update made visible.

6.2.4 DG4: Make Moderation Decisions Transparent and Traceable

Subjective moderation decisions are contestable: community members may disagree with them

and demand justification, so the legitimacy of a decision depends on being able to show how it was

reached [238, 239]. In a high-stakes, accountable activity, a verdict that cannot be explained cannot be

defended when challenged.

The system should make each decision transparent and traceable, exposing the reasoning that led

to a verdict and linking it back to the criterion and rule text that produced it. Bi-directional traceability

among rule text, decision logic, and verdicts lets a moderator move from a decision to the criterion

behind it and to the rule text that shaped it, supporting the accountability that contestable decisions

require.

6.3 System

In this section, we introduce the design and implementation details of DecideTogether.

6.3.1 Key Idea: Aligning Rule Text and Automoderator Logic

A moderation intent must take two forms to be enacted. It must be communicated to community

members as a rule that states what the community expects, and it must be executed by a machine as

logic that decides individual cases. DecideTogether treats these as two expressions of a single intent:

a community-facing rule text and a machine-facing automoderator logic. The rule text is written in

natural language for community members to read. The automoderator logic is the executable criteria

the system applies to each post and comment.

To keep the logic inspectable, DecideTogether does not treat it as a single opaque prompt. Instead, it

decomposes the rule into a set of binary questions, each pairing a criterion with an action taken when the
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criterion is met. These criteria range from objective ones, such as a banned keyword or a structural signal,

to subjective ones, such as whether a comment is dismissive in tone, which the system evaluates with an

LLM rather than a fixed pattern. Decomposing even the subjective criteria into discrete questions, rather

than delegating the entire judgment to a single prompt, makes explicit the latent criteria a high-level

intent entails (DG1) and lets a moderator attribute a given verdict to a specific criterion rather than to

an opaque model (DG2). It also lets a moderator trace a verdict back to the criterion and the rule text

that produced it, supporting transparent and traceable decisions (DG4).

The two forms are kept aligned in one direction: the automoderator logic is compiled from the

rule text, which serves as the source of truth. When a moderator edits the rule text, DecideTogether

recompiles the affected logic so that the executable criteria continue to reflect the stated rule. This

directionality lets a moderator revise rules in natural language and follow how each revision alters

concrete decisions, without operating on the logic directly (DG3). A moderator can still edit the logic

directly when a criterion needs an adjustment that the rule text does not capture, but the rule text

remains the artifact the alignment is anchored to.

6.3.2 User Interaction

We describe how a moderator uses DecideTogether to turn an initial, often vague moderation intent

into a rule whose enforcement consequences they have examined and endorsed. The interaction is not

a one-shot specification but a loop: the moderator establishes a shared account of the community,

articulates an intent into a rule text and its compiled logic, tests that logic against real cases, and

revises. We organize this section around the four stages of that loop and describe how each stage

supports the moderator in articulating intent.

Establishing Shared Context

Upon entering the system, the moderator first sees the Community Profile page (Figure 6.1). For

each community, DecideTogether samples representative posts and comments and infers a profile across

four dimensions: Purpose, Participants, Stakes, and Tone (Section 6.3.3), presenting each dimension as

a set of editable tags. The moderator reviews this analysis and corrects any tag that does not align with

their own understanding of the community.

This stage establishes the community’s shared account, on which every subsequent rule is based. A

moderation intent is rarely community-neutral, and the same behavior may warrant different treatment

depending on who participates and what is at stake. Surfacing and editing this context before any rule

is written gives later compilation a shared, inspectable account of the community to draw on, which is

the community-level half of surfacing the latent criteria an intent entails (DG1).

Articulating Intent into Rule Text and Logic

To add a rule, the moderator opens the New Rule modal (Figure 6.2) and describes their intent

as a rule title, then selects the community contexts relevant to the rule with the sliders. To help the

moderator start from concrete precedent rather than a blank slate, DecideTogether retrieves rules from

communities that share context clusters and presents them as references labeled by source community

and shared context tags. Because a vague intent is hard to translate into enforceable criteria unaided,

DecideTogether then generates a draft of the rule text from the title and selected contexts, which the

moderator can accept or revise.
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Figure 6.1: In the community profile page, DecideTogether shows the characteristics of the community

as tags across four dimensions: Purpose, Participants, Stakes, and Tone. The user can further edit the

community profile.
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Figure 6.2: New Rule page of DecideTogether. (A) The user can elaborate on their initial moderation

intent as the rule title. (B) The user can select the relevant community profile tags. (C) Based on the

user’s moderation intent and community contexts, DecideTogether generates a draft of the rule text.
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Figure 6.3: Rule editor page of DecideTogether. (A) DecideTogether shows the rule text on the left.

(B) On the right, DecideTogether shows the automoderator logic constructed from the rule text. (C)

Hovering over each logic item highlights the specific part of the text it is relevant to. Furthermore, it

shows the number of incorrectly flagged and missed instances to help users assess the accuracy of the

automoderator.

On creation, DecideTogether compiles the rule into the set of automoderator logic items described

in Section 6.3.1, shown alongside the rule text in the rule editor (Figure 6.3). Hovering on a logic

item highlights the part of the rule text it came from, exposing the connection between the two forms

(Figure 6.3B).

This pairing is where a tacit intent is first made explicit at the level of the rule itself. The compiled

logic surfaces the criteria the rule entails, complementing the community-level context from the previous

stage (DG1). By tying each logic item back to the rule text, the stage lets the moderator read the logic

not as a black box but as an externalized account of their own intent that they can check.

Testing Intent Against Real Cases

The moderator evaluates the system’s decisions and issues final verdicts on the moderation queue

page (Figure 6.4). Each item shows the post or comment, the system’s decision, and the reasoning

produced by each logic item, so the moderator can trace why DecideTogether reached a given verdict

(Figure 6.4B). The queue also surfaces posts that break no explicit rules but poorly fit the community’s

norms, so the moderator can catch problems the current rules do not yet cover. The moderator issues

a final verdict of approve, warn, or reject; when overriding the system, they can leave a short note

explaining the decision and link it to the specific rule violated (Figure 6.4A).

This stage turns the rule into evidence about whether it captures the intent. Because each verdict

can be traced back to the criterion and the rule text that produced it, a mismatch can be attributed

to a specific criterion rather than to an opaque model, which makes the result usable as a signal for

revision rather than an outcome to be debugged (DG2). The same per-item reasoning is what makes a
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Figure 6.4: Moderation queue of DecideTogether. (A) When the user is overriding DecideTogether’s

decision, the system elicits the reasoning. (B) For each automoderator logic, DecideTogether shows the

reasoning behind the decision.
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Figure 6.5: Interaction for editing the rule text on DecideTogether. (A) When the user edits the rule

text, DecideTogether automatically shows (B) a preview on the logic update and (C) how the new logic

would affect the previous automoderator decisions.

contestable decision defensible, since the moderator can show the criterion and the rule text that support

it (DG4). The override notes left here are retained as the signal that drives the revision stage.

Revising Intent

To align the automoderator’s decisions with their own criteria, the moderator reviews them in

accessible terms rather than operating on the logic directly. First, the moderator can edit the rule text

to clarify their intent (Figure 6.5). DecideTogether recompiles the rule, previews the resulting changes to

the logic (Figure 6.5B), and re-evaluates previously decided cases to show how the verdicts would change

under the new logic (Figure 6.5C). The moderator can also adjust the community contexts relevant to the

rule, upon which DecideTogether suggests updates to the rule text and recompiles the logic accordingly.

Second, the moderator can click “Suggest Fixes from Errors,” which draws on the wrongly flagged

cases, missed cases, and override notes gathered during testing to infer updates to the logic (Figure 6.6).

DecideTogether previews each fix on the rule text (Figure 6.6B), the logic (Figure 6.6C), and the previ-

ously decided cases (Figure 6.6D), so the moderator can judge it before accepting. If a criterion needs an

adjustment that the rule text does not capture, the moderator can edit the logic items directly, including

the rubrics, LLM prompts, or regular expressions underneath them, though the rule text remains the

artifact to which the alignment is anchored.

By making every revision proceed through accessible edits whose effects on concrete decisions are

shown, this stage keeps the consequences of each change legible without requiring the moderator to

author logic directly (DG3).
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Figure 6.6: Interaction for getting suggestions to update the automoderator logic on DecideTogether.

(A) DecideTogether shows a summary of each rule update. DecideTogether further shows (B) the effect

of the fix on the rule text, (C) automoderator logic, and (D) the previous automoderator decisions.
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6.3.3 Technical Pipeline

DecideTogether implements several LLM-powered pipelines to power the interactions. We describe

the details of each pipeline component.

Community Context Inference

DecideTogether takes a set of sample posts and comments to infer the community contexts. First, to

define a set of community characteristics, we defined the four dimensions: Purpose, Participants, Stakes,

and Tone. Purpose describes the goals and the purposes of the people participating in the community.

Participant describes the characteristics of the community members. Stakes describes the potential risks

the community may face and the potential harm it could cause if moderation fails. Tone describes the

characteristics of interaction styles and languages.

To ground the structured tag vocabulary in real community variation rather than designer intuition,

we derived the taxonomy empirically from a corpus of 1,000 subreddits sampled via Reddit’s public API,

combining /subreddits/popular (the 1,000 highest-traffic communities) with /subreddits/search

across 72 topical queries (e.g., mental health, legal advice, woodworking, gaming) to ensure breadth

across purpose and participant types. For each subreddit, we prompted Claude Haiku with the sidebar

description and rule text in an open-ended extraction task, asking it to produce a short prose summary

and 3–5 free-form tags along four dimensions, Purpose, Participants, Stakes, and Tone, without any

predefined categories, yielding roughly 2,000–2,700 unique tags per dimension. We then canonicalized

this long tail through a two-pass clustering procedure with Claude Sonnet: a discovery pass over the 150

most frequent tags per dimension produced 10–25 candidate categories with descriptions, and a mapping

pass assigned all unique tags to canonical categories in batches of 200, collapsing near-duplicates and

absorbing rare tags into meaningful groups. We validated the resulting taxonomy along five axes: resid-

ual “Other” bucket size (≤5% on every dimension), co-occurrence patterns, category balance, saturation

(no new categories emerged after 100–200 communities), and qualitative spot checks (e.g., r/wallstreet-

bets: humor heavy, dark or edgy humor, financial harm risk; r/mentalhealth: supportive encouraging,

vulnerable populations). The final taxonomy contains 20 Purpose, 23 Participants, 23 Stakes, and 19

Tone categories.

When analyzing the community profile, DecideTogether samples up to 65 posts and 50 comments. A

community’s norms are visible not only in what it rewards but also in what it ignores, so DecideTogether

samples across the full range of engagement rather than only its most visible content. It draws up

to 25 hot posts for typical day-to-day content, up to 10 top, and up to 10 controversial posts from

the past month for the upper and contested ends of reception, and up to 20 ignored posts that drew

little engagement (an upvote ratio below 0.45 and below-median score and comment counts) as negative

examples. For comments, it takes the top five comments from each of the first ten hot posts. Based on

the samples, DecideTogether uses Claude Sonnet 4.6 to assign 2-3 tags from each dimension and generate

a short note on how each tag relates to the characteristics of the community. This inferred profile is the

community-level context against which a rule’s criteria are later surfaced (DG1).

Compiling Community Rules

The automoderator logic introduced in Section 6.3.1 consists of a set of logic items, each comprising a

binary question, an internal logic, and an action to be taken if the question is answered affirmatively. The

objective criteria are implemented as two item types, and the subjective criteria as a third. Deterministic
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items handle clear-cut keywords and pattern-level filtering, using a set of regular expressions to detect

violating patterns in posts or comments. Structural items use platform-specific signals, such as the

number of upvotes or account information, to filter out spam or bot accounts. Subjective items filter

posts on non-objective criteria, such as intent or message tone; internally, such an item includes an LLM

prompt and a rubric, and is evaluated by running the prompt against the rubric. To balance cost and

accuracy, DecideTogether evaluates subjective items in two tiers: it first evaluates all subjective items

for a post in a batch with Claude Haiku 4.5, then re-evaluates any item whose confidence falls below a

threshold (0.75) with Claude Sonnet 4.6.

To accommodate the contexts, DecideTogether uses a two-pass compile approach with Claude Sonnet

4.6. In the first pass, DecideTogether uses an LLM prompt that takes only the rule title and content as

input to produce the initial set of logic items. In the second pass, DecideTogether runs a second LLM

prompt to tune the initial set based on the user-provided community contexts, which may add a new

item, remove one, or update the internals of a logic item. Decomposing the rule into discrete items,

rather than a single prompt, allows a verdict to be attributed to a specific criterion and traced back to

the rule text (DG2, DG4).

Flagging Context Misfit

Not every problem a community cares about is covered by an explicit rule. A post may break no

stated rule yet still sit poorly with the community’s norms, given who participates and what is at stake.

To moderate for this, DecideTogether runs a separate evaluation path for posts that violate no explicit

rule, using Claude Haiku 4.5 to judge whether a post is a poor fit for the community profile and to flag

it for the moderator’s review. This does not bypass the rule text as the source of truth: a flag is not a

verdict but a candidate the rules do not yet cover, surfaced for the moderator to judge and, if warranted,

turn into a rule. This path applies the same inferred community context that grounds rule compilation,

extending that context beyond the rules a moderator has written so far (DG1).

Generating Logic Update Suggestions

To support users in updating the logic to better align with their own decisions without manually

editing the rule text and the logic, DecideTogether analyzes wrongly flagged and missed cases to generate

the updates. DecideTogether uses Claude Sonnet 4.6 to diagnose the mismatches between the current

logic and the user-made decisions and suggests updates that preserve the structure of the original auto-

moderator logic. The prompt takes the rule text, the current status of the logic, community contexts,

sibling rules, the actual content of the wrongly flagged and missed cases, and the user-attached notes for

those cases. The prompt gives suggestions at several different levels. First, the prompt proposes updates

to the logic within the following action space:

• Tighten rubric: When the current logic gives inconsistent results, DecideTogether suggests clarify-

ing the logic.

• Adjust threshold: When the current logic is too sensitive or lenient, DecideTogether suggests tuning

the threshold.

• Split item: When the current logic conflates two distinct concepts and gives inconsistent results,

DecideTogether suggests splitting the logic into distinct items.
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• Add item: When there are user-annotated violations that the current logic does not capture,

DecideTogether suggests adding a new logic item.

For each logic update, DecideTogether additionally proposes an update to the rule text to keep the

rule text, which remains the source of truth, consistent with the accepted logic change. By proposing

these updates as accessible edits whose effect is previewed before acceptance, this component lets the

moderator revise without authoring logic directly (DG3).

Rule Text Suggestion

To help a moderator draft a rule grounded in real moderation practice rather than from scratch,

DecideTogether suggests rule text by drawing on how comparable communities have written similar

rules. We built a reference corpus of 100 communities, sampled from the AIRules dataset [240] and

stratified across five community archetypes. We specifically selected communities with more than 10,000

subscribers and substantive rulesets consisting of 5-15 rules, each with descriptions of more than 50

characters. For each community, we applied the same context-inference pipeline to tag it with a four-

dimensional community profile and to embed each rule title. When a moderator enters a new rule title,

DecideTogether embeds the title and retrieves reference rules with the highest cosine similarity, keeping

up to 5 peer rules from distinct communities that exceed the similarity threshold. DecideTogether

then passes these peer rules together with the target community’s context to Claude Sonnet 4.6, which

drafts a rule in which every clause must cite at least one grounding source, either a tag from the target

community context or one of the peer rules. When no reference rule clears the similarity threshold,

DecideTogether drafts from the target community’s context alone, grounding every clause in its context

tags. DecideTogether returns both the drafted rule and the peer rules themselves, so the moderator can

start from a concrete draft or browse the peer rules as starting points.

6.4 Technical Evaluation

To evaluate whether our technical pipeline accurately captured moderation intents and made accu-

rate moderation decisions, we conducted a series of technical evaluations. We specifically evaluated the

following questions:

• Q1. Does automoderation logic generated by DecideTogether accurately capture the moderation

intent of the rule text?

• Q2. Do the moderation decisions from the automoderator logic generated by DecideTogether match

with the decisions of the human moderators?

• Q3. Does updating the automoderation logic generated by DecideTogether lead to better alignment

with human decisions?

To evaluate the moderation decisions of DecideTogether, we leveraged the existing dataset of moder-

ated comments [222]. The dataset contains around 2M removed comments from the top 100 subreddits

from May 2016 to March 2017. Among the subreddits, we selected 15 text-heavy subreddits across

diverse topics. The details of the selected subreddits are shown in Table 6.1.

To construct the dataset for each subreddit, we first randomly sampled 50 removed comments from

the moderated comments dataset, excluding comments with body text of fewer than 20 characters or
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Table 6.1: The set of subreddits we used for the technical evaluation, and the number of rules for each

subreddit

Subreddit Number of Rules

hiphopheads 34

AskHistorians 30

relationships 25

legaladvice 22

space 20

anime 14

science 12

personalfinance 10

changemyview 10

news 10

AskReddit 9

explainlikeimfive 7

asoiaf 7

books 6

depression 4

Total 220

containing the text [deleted] or [removed]. To augment the rule-compliant comments, we sampled

around 100 comments from the PushShift Reddit archive for the same period, filtering short/deleted

bodies, automoderator bot comments, and [deleted] authors. We also re-validated whether each com-

ment was not moderated after the PushShift crawl and removed the moderated ones. In total, the

ground-truth dataset contained 2,146 comments across 15 subreddits.

To reconstruct the ruleset for each subreddit, we retrieved each subreddit’s ruleset from the Internet

Archive [241] in March 2017. Reddit had its “old” interface in March 2017, each community using

different designs and structures to share their rulesets. We manually parsed the ruleset to organize it

into rule titles and rule texts. Table 6.1 shows the number of rules for each subreddit. The number of rules

and their granularity significantly differed: r/depression had only 4 rules in 2017, while r/hiphopheads

had 34 rules. We also reconstructed the community context during the same period by sampling posts

and comments from that period.

To answer Q1, we used an LLM-as-a-judge approach to evaluate whether the generated automod-

erator logic accurately captured the moderation intent embedded in the rule text. We specifically used

the following four measures:

• Logical correctness: Does the automoderator logic faithfully represent the original rule without

contradictions or misinterpretations?

• Clarity: Is each of the questions phrased in a way that a human moderator could answer them

without ambiguity?

• Coverage: Does the automoderator logic cover all distinct requirements in the rule?

• Minimality: Is the automoderator logic free of unnecessary or duplicate conditions?
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Figure 6.7: Comparison of the quality of automoderator logic generated with and without contexts.

Absolute scores from With-context and Rule-only conditions were comparable, but With-context condi-

tions won in pairwise comparisons.

For each measure, we prompted a Claude-Sonnet-4.6 model to rate the quality of the automoderator

logic on a 5-point Likert scale. We generated the logic with and without the community context infor-

mation and compared their scores. Additionally, we used the same LLM model to compare the quality

of automoderator logic pairwise.

To answer Q2, we computed the accuracy, precision, recall, and F1 score on the ground-truth dataset

of moderated comments. We compared the performance metrics among three conditions: Direct, Rule-

Only, and With-Context. In the Direct condition, we directly fed the whole ruleset as the prompt to

the LLM. In the Rule-only Logic condition, we used the DecideTogether-generated logic without the

community contexts. In the With-context Logic condition, we used DecideTogether-generated logic with

the community context information.

To answer Q3, we created another condition: With-Update. For the With-Update condition, we ran

the automoderator logic from the With-Context condition on a second set of ground-truth comments

of approximately the same size, constructed with the same sampling strategy. Based on the results, we

generated and applied fixes to the automoderator logics and ran the evaluation again on the same set.

6.4.1 Q1: Quality of Automoderator Logic

The results suggest that the pipeline for DecideTogether produced automoderator logic that aligned

with the moderation intents embedded in the rule text, and adding community contexts led to better

alignment with those intents (Figure 6.7). In terms of absolute scoring, rule-only logic scores marginally

higher on logical correctness (3.92 vs. 3.81) and clarity (4.13 vs. 4.01). In paired comparison, however,

with-context wins overall 63% of the time (vs. 26% for rule-only, 10% ties; n=194), with large wins on

clarity (57% vs. 28%) and coverage (32% vs. 2%). Minimality is the only dimension where rule-only

wins head-to-head (37 vs 4). We expect that context-driven compilation would lead to adding more

automoderator logic to the rule, potentially introducing unnecessary complexity.
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Table 6.2: Functional accuracy of the DecideTogether-generated automoderation logic. (15 subreddits,

n=2146). Best non-trivial value per column in bold.

Remove class Accuracy by source

Condition Acc. κ P/R/F1 removal log pushshift

(n=750) (n=1396)

Always approve 65.1 .00 – / .00 / – – –

Always remove 35.0 .00 .35 / 1.00 / .52 – –

Direct (no logic) 45.9 .084 .38 / .87 / .53 87.5 23.5

Rule-only logic 65.4 .29 .50 / .67 / .57 66.7 64.7

With-context logic 64.5 .27 .49 / .63 / .55 62.8 65.5

With-update logic 65.9 .32 .54 / .62 / .58 62.3 71.0

κ interpretation: .09 “slight”, .27–.32 “fair”.

6.4.2 Q2 and Q3: Moderation Performance

Table 6.2 shows the performance of the automoderation logic. The results show that DecideTo-

gether’s approach of decomposing rule text into automdoerator logic substantially improved the accu-

racy compared to direct rule-text prompting. While the aggregate accuracy is 65.4% for Rule-Only

condition and 64.5% for With-Context condition, Direct condition had only 45.9% of accuracy. Because

the ground-truth class distribution is skewed (65% approve / 35% remove), we also report Cohen’s κ to

control for chance agreement. While Rule-Only logic reaches κ = 0.29 and With-Context logic reaches

κ = 0.27, direct reaches κ = 0.084, suggesting that decomposing into automoderator logics led to better

agreement with the ground truth. Comparison of precision and recall shows that the Direct approach

was excessively deciding to remove comments, leading to higher recall with the removal decisions but

poor performance with accepting comments.

At the same time, direct comparison between Rule-Only and With-Context conditions shows that

the Rule-Only condition performed slightly better. Per-subreddit analysis shows a more fine-grained

picture, suggesting the community norm and the granularity of existing rules affected the effect of

contexts. Figure 6.8 shows the difference in accuracy before and after adding the community contexts per

subreddit. For subreddits like r/science, r/depression, and r/space, adding community contexts actually

improved the moderation accuracy. Such communities often had underspecified rules. For instance,

each rule in r/science was only in one line. In such cases, adding community context actually helped

calibrate decisions by editing the rubrics to restore falsely removed comments, clarify the scopes for each

rule, and establish clearer moderation criteria. On the other hand, for subreddits like r/AskHistorians,

r/legaladvice, and r/personalfinances, adding context led to a decrease in performance. Such communities

often had stricter community norms on the contribution quality and potential risks as well as stricter

rules. In that case, adding community context tightened the rubric and added more criteria to filter out

comments, resulting in fewer comments being removed.

Furthermore, the accuracy numbers suggested that DecideTogether updating the automoderator

logic based on errors improved automoderation performance in general. Figure 6.9 shows the difference

in accuracy before and after updating the automoderator logic. For most subreddits, updating the

logic generally increased accuracy. However, for some cases, like r/AskHistorian, updating the logic

led to worse performance. In the case of r/AskHistorian, DecideTogether already implemented complex
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Figure 6.8: Per-subreddit difference in overall accuracy before and after adding the community context

to the automoderator logic. While adding context improved accuracy for communities with underspecified

rules, such as r/science and r/depression, it reduced accuracy for communities with stricter norms, such

as r/AskHistorians and r/legaladvice.

Figure 6.9: Per-subreddit difference in overall accuracy before and after updating the automoderator

logic from its errors. While updating the logic increased accuracy for most subreddits, it reduced accuracy

for communities with already complex logic, such as r/AskHistorians.
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Table 6.3: Previous moderation experiences of the user study participants

Participant No. Main platform Monthly active users Prior moderation experience Scenario

P1 Discord 500 3-5 years HotTakes

P2 Discord 600 1-3 years AskAScientist

P3 Discord 3,000 5 years + TechCareers

P4 Twitter groups 472,000 5 years HotTakes

P5 Reddit 9,400 1-3 years HotTakes

P6 Facebook groups 26,000 5 years AskAScientist

P7 Reddit 1 million + 5 years AskAScientist

P8 Open group chat 35 1-3 years TechCareers

P9 Discord 2,500 1-3 years TechCareers

P10 Discord 250,000 5 years HotTakes

automoderator logic, and adding the updates further complicated it.

6.5 User Study

To understand how DecideTogether could support expressing and refining the moderator’s moder-

ation intents, we conducted a user study. We specifically investigate the following research questions.

RQ1 How does DecideTogether support community moderators in articulating and refining moderation

intent?

RQ2 How does DecideTogether affect moderators’ understanding, trust, and control over automoderation

rules?

6.5.1 Participants

We recruited 10 participants from cold-mailing Reddit moderators via modmail, sharing open call

on the researcher’s social media, and from Upwork. We specifically aimed to recruit participants with

previous community moderation experiences, regardless of platform. Table 6.3 shows the details of the

participants’ information.

6.5.2 Scenarios

For the user study, we developed three scenarios, each describing a problem with a hypothetical

community. We designed the scenarios to be comprehensive in covering diverse issues reported in the

existing literature on automoderators [242, 226, 226] as well as diverse types of communities, including

Q&A, discussion, and advice-seeking. Each hypothetical community was based on an actual, active

subreddit.

1. Scenario 1. r/HotTakes is a casual community for sharing genuine minority opinions that others can

engage with by agreeing or pushing back. Posts frequently disguise questions, rants, observations,

or advice as opinions, leaving no clear position for the community to engage with or disagree

against. (Base community: r/unpopularopinions)
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2. Scenario 2. r/AskAScientist is a community for asking scientific questions and receiving evidence-

based answers from verified experts and credentialed researchers. Speculative and hypothetical

questions that cannot be answered by scientific literature are crowding out genuine, answerable

science questions and inviting non-expert speculation. (Base community: r/askscience)

3. Scenario 3. r/TechCareers is a community for discussing software engineering and CS careers — job

searching, salary, workplace issues — with an emphasis on practical, experience-based advice. The

community values frank, direct advice, but comments increasingly cross into dismissiveness and

gatekeeping, discouraging newer members without clear rules distinguishing candor from cruelty.

(Base community: r/cscareerquestions)

Each hypothetical community consisted of a ruleset, a set of posts or comments to be moderated,

and another set of sample posts and comments for community profile construction, to show the current

state of the community, including problematic posts or comments. The ruleset was adopted from the

base community’s ruleset, excluding any rules that addressed the problematic cases in the scenario. The

set of posts or comments requiring moderation included both scenario-compliant and scenario-violating

contributions. To populate the scenario-compliant examples, we first crawled live posts and comments

from the base community and filtered them using the existing ruleset to ensure contributions did not

violate rules irrelevant to the scenario. Scenario-violating examples were challenging to crawl, as they

were often removed by moderation before we could crawl them. Therefore, we decided to generate

synthetic examples using the Claude-Opus-4.7 model. The prompt used the scenario, existing ruleset,

and the taxonomy of violations as the input. We also added a small set of human-curated examples of

scenario-compliant, scenario-violating, and borderline cases, extracted from the ArcticShift dataset. We

instructed the model to generate examples that match the community tone, length, and vocabulary while

not being too obvious violations. We sampled 75 scenario-compliant examples and 25 scenario-violating

examples to construct a final dataset of 100 contributions. The set of sample posts and comments for

community profile construction was directly crawled from the base community.

6.5.3 Procedure

Before starting the task, we provided a step-by-step introduction to the system to explain its work-

flow. After that, we invited the participants to try out the system using a demo scenario to understand

how it works.

Then, we introduced the task scenario and the main task to the participant. In the task, we

specifically gave a four-step workflow. First, we asked participants to skim sample posts and comments

to understand the community’s norms and culture and to verify the community profile. Then, based on

their understanding of the community context and the scenario, participants drafted the rule text with

their initial moderation goal in mind using DecideTogether. After DecideTogether produced moderation

decisions on the set of posts and comments, they were invited to review them and identify any cases

where DecideTogether’s decision did not match with their own. Then, the participants were asked to

tweak the rule texts and the automoderation logic so that DecideTogether’s moderation decisions would

align with the participants’ own moderation goals. The task lasted 40 minutes, and participants were

asked to complete the first part within the first 10 minutes.

After the task, the participants responded to a semi-structured interview to share their experience

with DecideTogether in articulating their moderation goals into rules and in calibrating their trust in

the system.
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6.6 Results

Participants followed almost the same user flow as instructed by the task. They started by writing

a short natural-language moderation intent and accepted the system-generated rule text. Then, from

the moderation queue, they discovered misalignments and missed cases of the automoderator, which led

to refining the rule in response. Here, we report the findings from our user evaluation.

6.6.1 RQ1: How does DecideTogether support community moderators in

articulating and refining moderation intent?

We frame moderators’ engagement with DecideTogether as a bidirectional dialogue in which different

system representations support them in articulating, testing, and refining intent that was initially vague

or tacit. We explain the participants’ usage patterns in three stages: Drafting the initial rule, Reflecting

on the moderation intent, and Revising the moderation intent.

Establishing Shared Understanding Before any rule was authored, the system-generated com-

munity profile established the shared contexts between DecideTogether and the moderators about the

community itself, against which subsequent rules would be drafted. This shared grounding operated

in two recurring ways. First, it served as a verification surface: moderators read the profile, judged it

against the sample posts, and made targeted edits, explicitly recognizing this as a communicative act

(P3: “I’m writing this so the LLM has more information about the community... giving context to

LLM”). Edits are often propagated directly into subsequent rule decisions (P2). Second, it served as

a direct input channel: by adjusting sliders and weighting tags, moderators conveyed their priorities

around the rule (P9: “when I get the slider in which area I can strongly inform or ignore, overall that

makes it much better to my comment to the automated bot”). Notably, this channel was concentrated

at the drafting stage; once the rule text existed, moderators rarely returned to it.

The profile’s role as shared context, however, was not frictionless. Three limitations recurred. First,

the profile felt too abstract at first encounter, particularly for moderators unsure how to engage with

tag-based representations (P6: “a bit too like blank”; P7: “too calculative. . . make it less abstract,

more comprehensible”). Second, the profile became invisible during rule authoring — once moderators

left the profile page, the content continued to shape LLM output but was no longer co-present to them

(P8: ”I was probably influenced unconsciously, but I didn’t consciously use it. . . it would be nice to

have small reminders next to the rule generator”). Third, several moderators recognized the inherent

incompleteness of automated profiling: community character cannot be fully recovered from sampled

posts (P9: ”Automated moderation or bot cannot be 100% accurate. . . some pointers may be missed

and maybe still reviewed by a human moderator”). Together, these point toward keeping the shared

context visibly co-present and humanly verifiable throughout the dialogue, not only at its opening.

Drafting DecideTogether supported participants to express their moderation intents in rule titles

within relevant community context, which were elaborated into fully written rule texts generated by

DecideTogether. Participants valued the DecideTogether-generated rule texts for accurately capturing

and concretizing their moderation intent within the community contexts. P8 said, “Because the system

and I already shared the same community context, even with a simple prompt, the system understood

the characteristics of the community’s ecosystem well, and that made me feel like it really understood

what I meant.” P5 and P9 considered that DecideTogether-generated rule texts surfaced ideas and
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considerations that they couldn’t articulate by themselves. P9 said “it skyrocketed my expectation. . .

even the part of context which I cannot think of, it automatically added itself in a descriptive way”. With

such a high trust on the DecideTogether-generated rule texts, most participants decided to accept the

DecideTogether-generated rule texts directly with minimum modification. Participants also commonly

valued DecideTogether that they could easily express their moderation intents, especially as they do not

have a technical background to set up complex rules for automoderators.

Reflecting From the rule text, DecideTogether interpreted the moderation intent into automoderator

logics and showed how they would be enacted with actual posts and comments.

DecideTogether-generated automoderator logics enabled the participants to reflect on what their

rule actually meant. P7 described the experience with the automoderator logics, saying “it almost

explained it back to me in a way.” The decisions on the moderation queue supported the participants to

reflect on what their rule actually does in the community contexts. DecideTogether often produced hard-

and-fast automoderator logic that strictly adhered to the rule text. After reviewing DecideTogether’s

decisions, participants learned that the rule should be more lenient to accommodate contributions that

would genuinely benefit the community. P6 shared their task experience with making a rule on “Every

statement should be backed up with real data” to moderate hypothetical questions, saying “I changed

the logic to be a little bit more lenient around studies. Some posts were harmless, but because they

didn’t mention a study, the automod flagged them as potential misinformation. But actually, I know

as a human that the person was asking for information and real studies.” P3 specifically explained

that the reasoning for each of the automoderator’s decisions was helpful, “When you are moderating

conversations, sometimes you get the feeling that something is wrong. It takes time to elaborate on

the justification of that. The auto-generated explanation behind the warning or flagging was mostly

accurate, and it was like putting the logic into words. It helps to understand what you are building with

the rule and what the potential results are. It was like seeing the rule in action.” P10 similarly used

DecideTogether’s decisions from the moderation queue to identify systematic patterns of misalignment,

saying that “the wrong ones were both factual statements posed as an opinion. That seemed to be the

main thing that should be changed”.

Refining When communicating their refined moderation intent back to the system, editing the rule

text was considered the most natural way. P3 said, “writing a plain text in natural language is the easy

way for me to interact with the system [other adjustments would have] a lot of learning curve.” On

the other hand, other features were rarely used. For instance, P8 reported that they rarely adjusted the

community context after writing the initial rule, as they felt reluctant to do so based on a couple of cases.

Some participants wanted more direct control over the automoderator logic, as it was the critical part

controlling DecideTogether’s automoderation decisions. In such cases, participants had a very specific

idea of the automoderation to implement, such as a set of keywords to filter out. During the user study,

the feature that suggested fixes to the logic was not commonly used by participants. Participants often

agreed with most of DecideTogether’s decisions or had specific ideas for editing the logic themselves,

rather than using the feature.
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6.6.2 RQ2: How does DecideTogether affect moderators’ understanding,

trust, and control over automoderation rules?

Participants perceived the trust towards subjective automoderation with DecideTogether differently

from existing automoderation tools. Participants described existing automoderation tools as keyword-

based and deterministic tools. The errors with them are clear-cut and rare, requiring almost no super-

vision. P10 contrasted this directly with subjective tools: “Since the existing ones are only based on

keywords, there is a higher sense of trust. You can have false flags, [but] it’s far less likely than subjective

stuff... If it’s a keyword, it’s fine to make it take preliminary action—deterministic stuff can be, but not

subjective stuff.” On the other hand, DecideTogether is capable of making moderation decisions with

subjective judgments that can “keep the spirit of the community in line” (P3). However, such subjective

moderations are contestable. Community members can easily get offended or disagree with the decision,

which can damage the community and the authority of the moderation if the decision is not justified

enough. In that sense, P3 and P10 felt that DecideTogether would require human supervision to ensure

the legitimacy.

If used with human supervision, participants considered DecideTogether’s decisions trustworthy.

Participants commonly mentioned two factors that contributed to their trust in DecideTogether. First,

participants valued the ability to verify DecideTogether’s decisions against their own judgment, supported

by the visibility of decision-level rationale. P3 said, “Seeing the logic behind the decisions is the thing

that helped me to build trust quickly. The aggregated explanation was like putting in words the same

logic that I would use.” The moderation queue provided the empirical ground for this verification.

Interestingly, P6 perceived DecideTogether’s tendency to overflag violations as a useful design feature,

ensuring that all grey-area contributions are flagged for human review. Second, DecideTogether’s support

for iterating on the logic also contributed to participants’ sense of trust. While DecideTogether often

gave decisions apart from what participants expected, they still believed that they could tweak the logic

as much as they wanted to reach better alignment. P7 said, “(Decidetogether) made it very clear: these

are the parameters, this is what my decision was based on. It was mostly just like, oh the machine

— let’s try and fix it.” These two mechanisms addressed the underlying concerns that participants

like P10 expressed about AI: “You can’t be sure AI will act the way you want it to, even if the rule

is clear for humans.” Beyond supporting moderators’ own trust, the visible rationale extended across

stakeholder relationships. P8 saw it as a source of procedural legitimacy for community members affected

by moderation: “In other communities, when you get banned, the reason is usually given as a single

line. But with this system, it explains in logical detail which part violated which policy and why. There

would be far fewer people who feel they were unfairly banned.” P6 extended the same transparency to

coordination across moderation teams: “The decisions will be tracked... so it’s really nice to see the

history. If a member ever gets upset and says ‘Hey, my post is removed,’ anyone on my team could look

at the change log and see why we made that decision.”

The subjective nature of DecideTogether’s decisions also reshaped participants’ understanding of

control over the system. In deterministic automoderation, control is primarily exercised through rule

specification—configuring keywords, regular expressions, or threshold parameters that the system will

then execute autonomously. In DecideTogether’s subjective context, however, participants felt the sense

of control from giving the final human judgment at the point of action. P3 articulated this most di-

rectly: “As long as it doesn’t delete and ban users, I think I’m still in control.” P6, who managed

a 70,000-member Facebook community, trusted DecideTogether more than Facebook’s automoderation
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precisely because Facebook auto-removes posts while DecideTogether only flags them. She noted, “With

Facebook... it just removes the post for you. In terms of it just being flagged, I would definitely trust it

because I still make the final decision.” At the same time, participants identified a distinct dimension of

control where DecideTogether fell short: granularity. While participants felt sufficient control over the

rule as a whole, P6 and P9 wanted finer-grained means to shape individual logic items. P9 expressed

wanting a per-logic-item natural-language context entry similar to the rule-level draft generation, observ-

ing that without it, “it didn’t coordinate with me just like I hoped.” P6 described intuitively wanting

to edit specific logic nodes directly but found the existing interface too keyword-oriented for the kind of

nuanced adjustments they had in mind. These gaps suggest that as subjective automoderation systems

mature, control affordances may need to operate at multiple granularities—not only at the rule level but

at the level of individual logic components, where moderators can locally shape how a single decision

criterion is interpreted.

Taken together, these findings reposition control as a precondition for trust rather than a parallel

concern. Participants trusted the subjective decisions of DecideTogether because subjective decisions

were paired with non-autonomous execution. P1 made the causal direction explicit: “Knowing that I

would be able to tweak things a lot gives me a sense of trust because it gives me a sense of control.”

In deterministic automoderation, where errors are rare and clear-cut, autonomous execution may be

acceptable. In subjective automoderation, where decisions are contestable and consequences are higher,

the system’s willingness to defer to human authority is not a limitation to be engineered away—it is the

very property that makes such systems trustworthy to deploy.

6.7 Discussion

Our findings suggest that supporting subjective moderation is not simply a matter of improving

automated decisions, but of helping moderators articulate, inspect, and retain authority over the criteria

that govern those decisions.

6.7.1 Intent Articulation through Reviewing Real-World Cases

A premise of DecideTogether’s design is that moderators’ enforcement intent is not fully formed in

advance, but becomes legible through iteration. In that sense, we defined the end goal of DecideTogether

as making a rule whose enforcement consequences the moderator has examined on concrete cases and

either endorsed or corrected, rather than the well-formed rule text itself. To support the process of iter-

ating on moderation intents and manifesting them into human-readable rules and machine-enforceable

logic, DecideTogether keeps the rule text and the automoderator logic aligned. Our findings substan-

tiate this premise and clarify the mechanism behind it. Participants did not articulate their intent by

introspecting more carefully at the drafting stage; they articulated it by confronting concrete decisions

and finding them wrong.

The drafting stage itself involved little friction. Most participants accepted the DecideTogether-

generated rule text with minimal modification, and some valued it for surfacing considerations they had

not thought of on their own (P9). Yet the substantive shaping of intent happened afterward, when

participants reviewed the automoderator’s verdicts on real posts. For instance, P6 revised their rule

text and the logic after seeing harmless posts flagged as misinformation, recognizing that the authors

were seeking information rather than asserting a claim. P10 noticed a recurring pattern from their
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initial rule, factual statements posed as opinions, only after inspecting a series of decisions. In both

cases, the criterion became explicit only when a concrete case demanded it. This reframes what the

moderation queue affords. Here it functioned as a medium for articulation: each verdict serves as a

concrete proposition about the rule that the moderator can affirm or reject. The role of cases in drawing

out the intent behind a rule echoes prior work on case-based provocation [106, 105].

At the same time, a tension stems from the fact that articulation and communication place different

representational demands on moderation policies. DecideTogether treats the automoderator logic as a

faithful expansion of the rule text, but the two serve different audiences. The logic addresses the machine

and needs to be explicit and precise. The rule text addresses community members: it communicates

what the community expects [243, 244], and moderators often leave it deliberately general, preserv-

ing moderators’ discretion and keeping enforcement criteria from being gamed [226, 245, 246]. While

moderators repair the faulty logic to align with their intents by revising the rule text, it could push ex-

cessive operational detail into the rule text, whose value partly depends on omitting it. Future work can

explore interaction designs that preserve alignment while accommodating the different communicative

roles of rules and enforcement logic. One possibility is to introduce an intermediate representation of

moderation intent, expressed in natural language, that captures the rationale that moderators develop

as they review cases. Such a representation could serve as a bridge between community-facing rules

and machine-executable logic, allowing each artifact to operate at an appropriate level of abstraction

while remaining mutually consistent. In this way, moderators could refine enforcement criteria without

necessarily embedding every operational detail into the public rule text.

6.7.2 Decomposition as a Substrate for Inspection

A recurring obstacle in LLM-based moderation is the gulf between a moderator’s intent and an

opaque pipeline’s behavior: it is rarely clear which revision will produce a desired change, or whether an

observed change is a genuine fix or stochastic noise [224]. DecideTogether addresses this not by making

the model more accurate, but by changing the representation that moderators reason about. Rather than

treating the rule as a monolithic prompt, DecideTogether decomposes it into a set of binary questions

that serve as the automoderator’s internal logic.

Our findings suggest this decomposition did substantive work beyond implementation. Participants

treated the logic as an account of the system’s reasoning that they could interrogate. P7 described it

as the system almost explaining it back to me,” and, when a decision seemed wrong, framed the repair

as locatable: there’s something faulty in the logic here—where did it go wrong?” The decomposition

converts a diffuse sense that a verdict is off into a search over discrete, individually inspectable criteria.

This is what narrowed the gulf of evaluation: a verdict is right or wrong because of an identifiable

sub-criterion, and a revision can be aimed at that component rather than at the prompt as a whole.

It further limits the problem of LLM’s stochasticity. Stochasticity is often treated as a defect to be

suppressed, and at the level of a holistic verdict, it is corrosive to trust. When decomposed into binary

questions, each sub-decision is narrow enough that its outcome is comparatively stable, and the structure

localizes the variation to be controlled rather than diffused across the entire decision. By making the

effects of stochasticity legible and bounded, decomposition leads to more trustworthy automoderation

results.

The value of decomposition may therefore extend beyond moderation. The underlying challenge

is not specific to community governance but to any setting where a natural-language directive must

be translated into consistent decisions. For instance, domains such as policy interpretation, content
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guideline enforcement, and clinical protocol application share the structure of a natural-language directive

that must be applied consistently to contested cases. Whether a decomposed, inspectable intermediate

representation is a transferable strategy for such settings is, we believe, a question worth pursuing.

6.7.3 Trust and Human Authority in Subjective Automoderation

In this work, we explored automating subjective moderation. While participants generally con-

sidered DecideTogether’s moderation judgments reasonable, they commonly felt that human oversight

remained necessary. Their concern was not solely whether the automoderator could make appropriate de-

cisions, but whether subjective judgments about community norms should be delegated to an automated

system in the first place.

The problem DecideTogether addresses comes into focus through the lens of street-level bureau-

cracy theory [230]. Alkhatib and Bernstein argue that street-level bureaucrats, such as police officers

and judges, reflexively refine their decision criteria while reasoning through novel situations, whereas

street-level algorithms can revise their criteria only after a decision has already been made. This “loop-

and-a-half” delay yields ill-fitting decisions when novel or extenuating circumstances arise. The subjective

moderation targeted by DecideTogether operates precisely in such ill-defined spaces, requiring judgments

about whether content aligns with a community’s norms and values. By allowing moderators to itera-

tively calibrate automoderator logic against real posts and comments before deployment, DecideTogether

relocates this refinement process to an anticipatory, inspectable activity while incorporating community

context throughout the calibration.

Our findings, however, suggest that addressing this capability challenge does not fully resolve con-

cerns surrounding subjective automoderation. Participants such as P3 and P10 viewed subjective moder-

ation decisions as inherently contestable: community members may disagree with them, challenge them,

or demand justification. As a result, participants questioned not only whether the automoderator could

reach an appropriate judgment, but also who should hold the authority to make such judgments. Con-

sistent with our findings on trust and control, participants trusted DecideTogether when its decisions

remained reviewable and ultimately subordinate to human moderators, treating human authority as a

prerequisite for trustworthy subjective automation.

This concern raises a broader question about the legitimacy of subjective automoderation. Future

systems should therefore consider questions of authority and accountability alongside improvements

in moderation capability. One possible direction is to make moderation criteria and automoderator

logic visible and contestable not only to moderators but also to community members. For instance,

P8 envisioned using DecideTogether to communicate moderation rationales and gather feedback from

members about enforcement criteria. Such approaches may help subjective automoderation systems

become not only more capable, but also more accountable and socially accepted.

6.8 Limitation and Future Work

This work has several limitations.

First of all, DecideTogether was evaluated in a controlled setting with a hypothetical scenario for a

Reddit-like online community. While we chose to build scenarios from existing community rules to provide

realistic examples, we acknowledge that problems in real-world communities may be more complex.

Furthermore, different online community platforms, such as Discord, Mastodon, Fandom Wiki, and
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standalone online forums, have distinct communication dynamics, platform features, and norms, leading

to distinct types of community problems. We believe that future work could conduct a longitudinal

evaluation of DecideTogether with real-world communities to better understand the value and limitations

of DecideTogether.

Second, while we evaluated DecideTogether only in a single-user setting, community moderation

is often collaborative among multiple moderators, necessitating adjustments to the moderation criteria

among them [229]. We believe that DecideTogether has the potential to facilitate collaboration by

externalizing the moderation intents into automoderator logics and the moderation queue. Future work

could deploy DecideTogether into a real-world moderation team to better understand the potentials and

the challenges of DecideTogether to facilitate communication and deliberation on community rules.

6.9 Conclusion

Subjective moderation requires a moderator to articulate a moderation intent that must serve as

both a community-facing rule that members can read and a machine-facing logic that decides individual

cases. Yet keeping these two forms aligned is difficult, and existing tools give moderators little visibility

into how a rule becomes a decision. We built DecideTogether, a system that treats the rule text and the

automoderator logic as two expressions of a single intent, compiling inspectable logic from the rule text

as the source of truth and letting moderators test and refine that intent against real community cases

rather than author logic directly. Our technical evaluation showed that decomposing the rule text into

logic raised decision accuracy from 45.9% under direct rule-text prompting to 65.9% after error-driven

updates, and that context-grounded logic was preferred in 63% of pairwise comparisons. A user study

with 10 moderators showed that reviewing the system’s decisions on real cases helped them surface latent

criteria and restructure vague intent into enforceable rules. With DecideTogether, we envision automated

moderation that moderators can shape, inspect, and hold accountable as a faithful expression of their

own moderation intent.
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Chapter 7. Discussion

In this chapter, I first present reflections and considerations for designing interpretive scaffolds.

Then, I discuss the potential risks and biases from interpretive scaffolds. Finally, I discuss how interpre-

tive scaffolds could be developed further to support the social process of deliberation.

7.1 Synthesis of Empirical Support for Informed Opinion For-

mation

I defined an informed opinion as a position that is grounded in relevant evidence, sensitive to

alternative perspectives, and supported by reasons the holder can articulate. The four studies jointly

provide empirical support for this definition’s three properties: for each property, studies showed that

an interpretive scaffold, placed at the moment of encounter, supported the corresponding component of

informed opinion formation.

Grounding in relevant evidence requires critical consumption of information. DataDive (Chapter 4)

showed that surfacing relevant datasets at the moment of reading changed what evidence entered the

reader’s evaluation of a statistical claim. Participants explored significantly more external information

than in the baseline condition and recalled relatively more facts beyond the article text. Sensitivity

to alternative perspectives requires engagement with views unlike one’s own. StarryThoughts (Chap-

ter 3) showed that visualizing opinions alongside their holders’ demographic identities led participants

to explore opinions from a wider range of demographic groups and to read them with a more respectful

attitude, thereby contributing to an expanded argument repertoire. FrameIt (Chapter 5) showed that

surfacing moral foundations shifted how participants attributed disagreement, from ignorance or bad

intent toward legitimate value differences. Articulable reasons require externalizing a previously implicit

position. DecideTogether (Chapter 6) showed that moderators’ initially tacit intent became explicit

through confrontation with concrete cases, externalized as inspectable rule text and decision logic. The

argument repertoire results from StarryThoughts provides converging evidence at the individual level:

after exploration, participants could state more arguments surrounding the issue, including arguments

against their own position.

This evidence is component-wise. Each study examined a single component in a single encounter

with a single system, but no study observed a reasoner moving across components, revising a position

as engagement, consumption, and articulation feed into one another. Whether component-level support

composes into a full trajectory of opinion formation is an empirical question for longitudinal work.

What the four studies do show is convergent in kind. Across different contexts, evaluating statistical

claims, understanding disagreement, exploring diverse viewpoints, and articulating moderation criteria,

interpretive scaffolds altered what information participants attended to, how they interpreted that in-

formation, and how they expressed the resulting judgments. This convergence suggests that supporting

informed opinion formation is less a matter of supplying information in advance and more a matter

of making interpretive resources available at the moment of encounter, so that information becomes

evidence, perspectives become understandable, and judgments become articulable.
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7.2 Design Reflections on Interpretive Scaffolds

This thesis proposes the design construct of interpretive scaffolds: design elements that mediate

the encounter between a reasoner and a piece of information, offering alternative ways to interpret,

examine, and integrate that information into the reasoner’s thinking. To support future researchers who

leverage the concept of interpretive scaffolds, I distill three design decisions, each cascading from the

user’s goal: the type of interpretive scaffold to use, the level of interpretive mediation to bridge the

information of focus and scaffolding information, and the level of intrusiveness of user interactions.

Table 7.1: Design space for interpretive scaffolds across the four systems.

Design Axis StarryThoughts DataDive FrameIt DecideTogether

User Goal Open-ended

opinion exploration

Critical reading

of statistical

information

Conversation

respecting value

system differences

Articulating

community

moderation intent

into rules

Scaffolding

Types

Enriching Enriching Restructuring Enriching +

Restructuring

Scaffolding

Information

Self-stated

demographic

identities

AI-retrieved

statistical data

AI-analyzed value

systems behind

opinions

AI-generated intent

interpretation +

impact of intent on

real-world case

Interaction

Design

Visualization of

diversity

In-text questions +

data visualization

In-text annotation

+ argument

suggestion

Iterative workflow

to express and

refine

7.2.1 Scaffolding Types: Should Address the Interpretive Bottleneck

The choice between enriching and restructuring should follow the designer’s diagnosis of the inter-

pretive bottleneck users face. Existing decompositions of informed opinion formation offer a useful vo-

cabulary here [11, 37, 247]. Some bottlenecks arise from a narrow information base: users dismiss claims

without cross-validation, or remain inside algorithmic filter bubbles. The interpretive work needed is a

comparison against material the user has not yet encountered, calling for enriching scaffolds. Other bot-

tlenecks arise from shallow engagement with the information at hand: users short-circuit by dismissing

an opinion or accepting a claim without examining its underlying commitments. The interpretive work

needed is examination of what is already in the focal information — its assumptions, its value basis, the

position it stakes out. This is what restructuring scaffolds provide.

The four systems align with different bottleneck diagnoses. DataDive addresses the evaluation of

statistical claims in isolation from broader empirical context, thereby surfacing external datasets as

enriching scaffolds. StarryThoughts addresses constrained exposure to opinion diversity and surfaces

the demographic and ideological landscape as enriching scaffolds. FrameIt addresses the dismissal of

opposing opinions on surface terms and surfaces underlying moral foundations as restructuring scaffolds.
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DecideTogether addresses both at once. A moderator’s intent is undersituated in the community context,

and its effect on concrete cases is not visible, so the enriching scaffold surfaces community activity and

the intent’s consequences across real cases. At the same time, the criteria that would operationalize the

intent remain latent, so the restructuring scaffold exposes them by translating the intent into inspectable

moderation logic.

A scaffold’s mode, however, is not fixed by the resource it draws on. The same material can

support either orientation, depending on how the interface positions the interpretive act. FrameIt’s

moral foundations served as a restructuring scaffold when attached to a single argument, but could serve

as an enriching scaffold if used to visualize the distribution of value systems across an issue. DataDive’s

external datasets enrich when presented as comparative evidence, but could be restructured to expose

the assumptions embedded in the focal claim. Mode, then, is a property of presentation, not of resource.

And the reverse holds as well: users appropriate scaffolds beyond their intended mode. StarryThoughts’

demographic cues were designed as enriching scaffolds for opinion diversity, but participants also used

them to restructure their reading of individual opinions, reflecting on assumptions about social groups.

In summary, I propose two design implications. The primary mode should align with the system

designer’s diagnosis of interpretive bottleneck. But the secondary mode should remain available rather

than foreclosed, because the same resource can carry both, and because users’ interpretive work routinely

exceeds what designers anticipate.

7.2.2 Level of Interpretive Mediation: Match System Effort to User Capa-

bility

The level of interpretive mediation should follow the target user’s capability to connect the scaffolding

information to their focal information on their own. The greater the gap between the user’s capability

and the connection the scaffold requires, the heavier the mediation the system should provide.

When the user can make the connection without help, the system needs only lightweight mediation.

StarryThoughts’ users read each opinion and the demographic profile attached to it directly, so the

system only aggregates and visualizes the contributions and leaves the user to relate a group to its

opinion distribution.

When the connection is harder, the system retrieves the scaffolding information and links it to the

focal information. DataDive retrieves statistical data from outside the user’s focal context and connects

it through generated questions. DecideTogether’s enriching scaffolds retrieve community activity and

connect a moderator’s intent to its consequences across real cases, supplying the context the intent was

undersituated in.

When the user cannot perform the interpretive operation at all, the system produces the scaffold

by its own inference. FrameIt classifies the moral foundations behind an argument outright because

naming and reasoning with moral foundations require a vocabulary most users lack. DecideTogether’s

rule synthesis goes further in the same way, translating the latent criteria that would operationalize an

intent into inspectable moderation logic.

This makes the level of mediation a derived property rather than a designer’s preference. The same

source can also warrant different levels for different users: a statistical database that an expert searches

through a query box may need to arrive wrapped in generated questions for a layperson.

Heavier mediation carries a cost. Each added interpretive layer raises the risk of system bias and,

with LLMs, hallucination. The user is least equipped to catch these errors precisely where the system

117



has done the most work, since the gap that justified the heavy mediation is the same gap that limits

the user’s ability to audit it. Verifiability should therefore scale with the depth of mediation, so that the

more the system infers, the more it must expose the grounds of that inference for the user to check.

7.2.3 Interaction Design: from Lightweight Nudge to Deep Guidance

A third decision concerns the scaffold’s intrusiveness, or how strongly it intervenes in the user’s

encounter with information. Interpretive scaffolds work by inviting deeper processing of information,

which is normatively desirable but cognitively costly. Not every reasoner is willing to incur that cost on

every encounter. A scaffold presented too lightly may leave the reasoners who need it most without real

support, while one presented too heavily imposes loads that demotivate use altogether.

The design principle that recurs across the four systems is to open with minimal interaction and

deepen it on demand, an approach that inherits the spirit of progressive disclosure in interaction de-

sign [248]. The opening move is not the scaffolding information itself but a low-cost signal that an

alternative interpretation exists: an opinion distribution in StarryThoughts, a highlight on a statistical

claim in DataDive, a moral foundation tag in FrameIt, and a community context tag in DecideTogether.

The signal shows that the focal information is not the whole picture, and it costs almost nothing to

ignore. Richer interaction follows only if the user wants it. DataDive guides the reader from a flagged

statistic to questions that frame what comparative data would clarify; FrameIt from a moral foundation

tag to the argument structure beneath it; StarryThoughts through demographic and ideological filters

over the opinion landscape; and DecideTogether through reflection and articulation steps that move from

raw intent toward a community-fit rule. The user controls how far to go.

Keeping the cost of ignoring a scaffold low is one side of motivation. The other is giving the

reasoner a reason to look further, and the system suggests several strategies. One is to provoke curiosity.

In StarryThoughts, users came in with assumptions about which demographic groups would hold which

opinions, and when the actual distribution diverged from those assumptions, the mismatch drew them

into closer exploration to understand why those groups thought differently. A second is to connect the

information to what the reasoner personally has at stake. DataDive lets readers relate a statistic to their

own context, such as comparing a figure to their own country, so that engaging with the claim feels directly

relevant. A third is the prospect of having to articulate or justify a position to others, which encourages

closer engagement in advance. FrameIt readers prepared responses for an ongoing conversation, and

DecideTogether moderators wrote rules that other moderators and community members would act on.

A fourth is to attach the scaffold to a task the reasoner already needs to complete, rather than supplying

motivation anew, as in DecideTogether, where moderators arrived with the concrete task of writing rules,

while open-ended reading offers no such anchor. These strategies share a common stance. They amplify

the motivation the reasoner already holds rather than manufacture it, keeping the choice to engage with

the user. A scaffold left at the level of a low-cost signal is easy to pass over, and I believe future work

could seek more diverse strategies to motivate voluntary engagement.

7.3 Potential Biases and Risks from Interpretive Scaffolds

The concept of interpretive scaffolds was designed to prevent information consumers from being

fixated on the surface meaning of the information and on their prior opinions, and to encourage the

discovery of different interpretations of the given information. In that spirit, interpretive scaffolds are
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designed to shed light on the broader information and opinion space while refraining from offering clear-

cut conclusions. At the same time, I discuss potential risks and biases from interpretive scaffolds.

7.3.1 Framing by Design

The systems for identifying and providing interpretive scaffolds are not neutral. They need to

make decisions on the axes of information space that enriching scaffolds would present, or on the latent

structures that restructuring scaffolds would present. Such decisions about what to present and what not

to present can frame how users interpret the information. For instance, while StarryThoughts used age,

gender, and political identities to present the diversity of opinions, such a decision might obscure other,

more important axes to explore, such as value systems or socioeconomic status. Designing interpretive

scaffolds, therefore, requires making these framing decisions deliberate and, where possible, transparent,

so that the presented structure reads as one selection among possible others rather than as the structure

of the issue itself.

7.3.2 Bias from the AI Pipeline

Beyond the designer’s framing, the AI-powered pipelines that generate interpretive scaffolds may

embed their inherent biases in their outputs, potentially amplifying the selection bias or homogenizing

users’ interpretations. The risk is compounded with presentation. When a scaffold is produced by an au-

tomated pipeline and delivered through a polished interface, users may perceive it as a neutral, complete,

and authoritative summary rather than as one partial framing among many. FrameIt’s moral foundation

labels, which are over-annotated relative to human coders, illustrate the danger: a probabilistic infer-

ence about the values behind a comment can be taken as a definitive reading. This perception invites

overreliance, turning the scaffold into a signal to close the interpretive space rather than open it and

quietly prescribing the “right” interpretation. The mitigation is to communicate the scaffold’s partial-

ity. Scaffolds should be presented in a provisional, revisable form that invites questioning rather than

deference [249] and paired with means of audit, such as provenance for retrieved data, exposed inference

steps for generated interpretations, and explanations the user can check against their own judgment.

7.3.3 Legitimation of Bad-Faith Content

A different risk arises not from the system but from how scaffolds interact with adversarial content.

Several scaffolds were designed to foster charitable, respectful engagement. FrameIt surfaces the moral

foundations beneath an argument so that opponents appear as people reasoning from different values,

and StarryThoughts attaches demographic context to opinions so that positions are read in light of who

holds them. When the underlying content is misinforming, manipulative, or extremist, the same move

can lend it unearned legitimacy, presenting a claim that warrants contestation or removal as a good-faith

expression of values to be understood. FrameIt’s deployment surfaced a milder version of this tension, in

which awareness of fundamental value differences sometimes led to a premature “agreeing to disagree”

rather than deeper engagement.

The corrective is not indiscriminate skepticism. Critical scrutiny is not applied evenly: people

subject attitude-incongruent information to harsher examination than congenial information, a pattern of

motivated skepticism [17], and skepticism applied without discrimination erodes the distinction between

well-grounded and poorly-grounded claims, leaving users to fall back on prior belief as a default [250, 251].

I expect two kinds of support to be possible. One would be providing authoritative grounds against
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which a factual claim can be checked, for instance, the claim’s provenance or supporting evidence from

trustworthy sources such as academic literature. This gives users material to judge a claim’s standing

themselves rather than directly issuing a verdict. At the same time, it presupposes users’ expertise to

evaluate those grounds. The other support could be on exposing how a claim moves from its evidence to

its conclusion. It surfaces the inferential steps a claim depends on, for instance, whether it generalizes

from a single case, treats the absence of counterevidence as proof, or rests on a misplaced authority. A

reader can spot such moves even without the expertise to evaluate the underlying facts. A growing line

of systems surfaces such reasoning flaws in place as readers encounter them [252, 253]. The opportunity

here is to treat this not as a standalone fallacy-detection technique but as another application of the

restructuring mode that FrameIt and DecideTogether instantiate.

7.3.4 Scaffolds and Interpretive Skill

A final risk concerns the relationship between scaffolds and the user’s own interpretive skill. First,

by performing interpretive work on the user’s behalf, a scaffold may prevent the development of the skill

it substitutes for. For instance, a reasoner who relies on DataDive to generate comparative questions

or on FrameIt to name the values behind an argument may not build the capacity to perform these

operations unaided and may be left unsure how to reason about an issue when the system is absent.

Second, and in the opposite direction, making sense of a scaffold can itself demand literacy, whether

statistical, rhetorical, or domain-specific. Reasoners who already hold that literacy gain the most, while

those without it gain the least, even though the latter are often the group a scaffold was most intended

to help. A scaffold that presupposes more interpretive skill than a reasoner brings can widen rather than

narrow the disparity in how well-equipped people are to reason about an issue.

Neither problem is fully resolved by guidance, since guidance presupposes a baseline on which

to build. Interpretive scaffolds should therefore aim to nurture the skills they support rather than

only supply their outputs, for example, by adapting the level of mediation to the user and gradually

transferring interpretive work back to them. They should be evaluated not only by whether they support

reasoning in aggregate, but by whether that support holds across reasoners with differing levels of relevant

literacy.

7.4 Interpretive Scaffolds for the Social Process of Deliberation

This dissertation focused on supporting an individual’s analytic process to explore diverse informa-

tion and arguments on social issues and to take an informed position. The contribution of this dissertation

falls into what Black [11] characterizes as the analytic dimension of deliberation—helping people under-

stand issues, evidence, and arguments. Yet deliberation is not solely an analytic activity. Deliberative

democracy depends on a social process in which citizens exchange reasons, engage constructively across

disagreement, and work toward collective judgment through reciprocal communication [9, 8, 10]. At the

systemic level, deliberation further depends on the inclusion of diverse voices and perspectives throughout

a broader deliberative system [254].

The systems developed in this dissertation were not designed to directly facilitate discussion between

participants. Rather, they were designed to support individuals as they encounter, interpret, and reason

about information. Consequently, interpretive scaffolds cannot directly resolve structural inequalities,

status hierarchies, or interactional dynamics that emerge during deliberation [255, 256]. Nevertheless,
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the findings of this dissertation suggest that interpretive scaffolds may support several individual-level

conditions that enable productive deliberative communication. More importantly, they point toward a

broader design space for technologies that support deliberation not by managing discussion itself, but by

shaping how participants make sense of information, disagreement, and one another before and during

deliberative encounters.

Below, I discuss how interpretive scaffolds may help support the components of the social process of

deliberation: respectful engagement across disagreement, mutual understanding, inclusive and balanced

participation, and the development of a shared basis for collective judgment.

7.4.1 Respectful Engagement Across Disagreement

A foundational norm of deliberation is that participants treat one another as legitimate contributors

despite disagreement [9]. This norm is difficult to sustain because disagreement is often framed in terms

of social categories rather than reasons. Under affective polarization, opponents are perceived not as

people reasoning from different premises but as members of distrusted groups [257, 258, 259].

The opportunity for interpretive scaffolding here is to shift what a participant attends to when

disagreement is encountered. Rather than supplying more arguments, a scaffold can surface the values,

experiences, and assumptions that make an opposing position intelligible, so that disagreement is read

as reasoning from different premises rather than as ignorance or bad faith [260, 261, 118]. This is an

interpretive intervention on the perception of the opponent, not on the issue’s content. Findings from

FrameIt and from the cross-cutting identities in StarryThoughts offer preliminary evidence that such

reframing is achievable.

7.4.2 Mutual Understanding

Deliberation requires participants to understand not only what others believe but why they hold

those beliefs [9]. Failures of understanding often arise not because information is unavailable but because

the interpretive context needed to make sense of a position remains implicit. The assumptions, value

conflicts, and conditions under which a view holds are rarely visible alongside the view itself.

Interpretive scaffolding suggests a way to address this without resolving the disagreement. A scaffold

can make interpretive context available at the moment of reasoning by surfacing the assumptions and

reasoning structures that support a competing position, so that a participant grasps the pathway to

a conclusion and not only the conclusion. FrameIt, by surfacing the moral foundations underlying a

position, and DecideTogether, by making the reasoning behind a judgment explicit, offer preliminary

evidence that this pathway can be made legible to someone who does not share the conclusion.

7.4.3 Inclusive Participation

Deliberative systems depend on the inclusion of diverse perspectives [254], yet many perspectives

never enter discussion. Individuals who wrongly believe their view is held by a small minority stay

silent [262, 133], and others withdraw because they anticipate conflict or social sanction [263].

Both failures are interpretive before they are behavioral: they rest on a participant’s reading of the

distribution of opinion and of the social risk of speaking. A scaffold can act on that reading by making

otherwise hidden perspectives visible and by lowering the perceived risk of expressing disagreement, so

that a participant comes to see their own view as a legitimate contribution rather than a deviant one.
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StarryThoughts, by making the distribution of viewpoints observable, and FrameIt, by reducing the

expectation of attack, provide preliminary evidence for this.

7.4.4 A Shared Basis for Collective Judgment

Productive deliberation requires shared informational grounding. Participants need not agree on

conclusions, but they must be able to understand the evidence and reasoning behind competing judg-

ments [264, 10]. Much public discourse is organized around conclusions rather than reasoning, so dis-

agreement settles on outcomes while the underlying assumptions stay opaque.

Interpretive scaffolding addresses this by making reasoning itself a shared object. A scaffold can

externalize the assumptions, trade-offs, and decision logic behind a judgment, allowing participants to

deliberate over the interpretive structures that produced the outcome rather than just the outcome

itself. DecideTogether (Chapter 6) illustrates this by linking judgments to the rules and reasoning

that generated them, making them inspectable and contestable. Such shared reasoning is one route to

constructing shared realities that support collective judgment.

7.4.5 Summary

Much work on deliberation technology connects people to information, arguments, or discussion

partners. Interpretive scaffolding points toward a complementary goal: helping participants construct

the interpretive context needed to make sense of what they encounter and whom they encounter. Across

the four preconditions above, the intervention is the same in kind. It does not direct participants

toward conclusions but makes latent perspectives, assumptions, and reasoning available when needed.

This dissertation offers an initial exploration of that possibility and suggests interpretive scaffolding

as a design paradigm to support the social process of deliberation, rather than merely as an analytic

foundation.

7.5 Toward User-Driven Interpretive Scaffolds

A common thread runs through these systems and through the risks discussed above. In every case,

it is the system that decides what to illuminate: DataDive decides what counts as a relevant comparison,

FrameIt what counts as a meaningful frame, StarryThoughts which identity axes count as salient, and

DecideTogether which cases count as instructive. This is what makes the scaffolds tractable, and it is

also what concentrates interpretive authority in the system. The framing introduced by design, the bias

introduced by the pipeline, and the question of who provides the scaffold are all consequences of this

concentration.

A natural direction for future work is to move interpretive authority toward the user. Rather

than receiving a fixed set of illuminated dimensions, users would aim their own spotlights, choosing

which comparisons, frames, or axes to surface, and would contribute to the scaffolding resource itself

rather than only consuming it. StarryThoughts already gestures at this, since its opinion landscape is

assembled from user contributions rather than retrieved from an external source. Under a user-driven

model, the system’s role shifts from deciding what is worth seeing to helping users decide for themselves

and pool what they surface, thereby redistributing the framing decisions that would otherwise rest with

the designer. Together with the extension from the analytic to the social dimension of deliberation, such

an extension would enable interpretive scaffolds to foster interpersonal communication and learning.
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7.6 Limitations

Nature of the evidence. The claims in this dissertation rest largely on self-report and proxy measures

collected over short study periods. StarryThoughts measured change through argument repertoire and

self-reported opinion strength, and the other systems relied on perceived change, interview accounts,

and short-term task performance. These measures indicate that the scaffolds expanded the interpretive

resources participants engaged with, but they do not establish that participants formed more informed or

better-reasoned opinions in a behavioral sense, nor that any effect persisted beyond the study. Whether

interpretive scaffolds change how people actually reason about contested issues over time remains an

open empirical question.

Scope of the evaluations and the skill claim. Each system was evaluated on a small set of con-

tested issues with specific participant populations and under short exposure. This limits how far the

construct generalizes across issues, cultures, and platforms. The limitation is sharper for the claim that

scaffolds can nurture interpretive skill rather than substitute for it. No study tracked whether partic-

ipants retained or transferred interpretive practices after the scaffold was removed, so the dissertation

does not establish that scaffolds build durable capability rather than producing effects that depend on

the scaffold’s presence.

Residual bias from AI mediation. The verifiability strategies introduced in this work, such as

exposing the underlying data in DataDive and surfacing the reasoning behind the moral foundation

inference in FrameIt, reduce, but do not remove, the bias introduced by the AI pipeline. Deeper inter-

pretive mediation improves contextual fit but also increases the influence of what the pipeline chooses

to retrieve or generate. The dissertation did not systematically audit the distribution of interpretations

these pipelines surface, so the extent to which they over- or under-represent parts of the interpretive

space is not characterized.
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Chapter 8. Conclusion

This dissertation introduced the concept of interpretive scaffold, which is a design element mediating

between a reasoner and a piece of information, showing alternative ways to interpret, examine, and

integrate that information into reasoning, enabling users to form informed opinions on social issues. To

conclude, this chapter summarizes the main contributions of the thesis and proposes directions for future

research.

8.1 Summary of Contributions

This dissertation makes three contributions to the study of how interactive systems can support

informed opinion formation on contested social issues.

• Conceptual: the interpretive scaffold construct. I introduce interpretive scaffolds as a

design construct for supporting individual reasoning at the moment of encountering a piece of

information by showing alternative ways to interpret, examine, and integrate the information. I

motivate the construct from three challenges to informed opinion formation, and I distinguish two

modes, enriching and restructuring, that target different challenges. The construct serves as a lens

for organizing the design of the systems in this dissertation, and I build on it to propose a set of

design considerations that traces three design decisions from a user’s goal, offered to guide future

work on systems for reasoning support.

• Artifact: systems and techniques. I contribute design strategies and computational techniques

for realizing interpretive scaffolds in practice. Across the four systems, StarryThoughts, DataDive,

FrameIt, and DecideTogether, I demonstrate how interpretive support can be elicited from exter-

nal sources and from the information of focus itself, surfaced at the moment of reading without

disrupting the reasoner’s process, and integrated with the reasoner’s ongoing thoughts. The four

systems show that interpretive scaffolds can draw on resources of different kinds and operate at

different depths of interpretive mediation.

• Empirical: evidence from user studies. I provide evidence from user studies of each system,

characterizing how interpretive scaffolds shape reasoning across four tasks: engaging with diverse

opinions, assessing statistical claims, examining the value basis of arguments, and translating

abstract moderation intent into rules. I synthesize these findings into an account of how interactive

systems can support individual analytic work on contested social issues.

8.2 Future Directions

I discuss several directions for future research.

8.2.1 Longitudinal Evaluation of Interpretive Scaffolds

The limitations in Section 7.6 point to a common gap: the evaluations in this dissertation cap-

tured effects during or immediately after short exposure, leaving open whether those effects persist and
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whether scaffolds build durable interpretive capability. A longitudinal study would address this directly.

Deploying the systems over an extended period, for instance as a browser add-on encountered during

everyday reading, would allow observation of how repeated use shapes the way people approach contested

information over time. Such a study could examine whether interpretive practices transfer to settings

where the scaffold is absent, distinguishing genuine skill development from effects that depend on the

scaffold being present, and whether any change in how people form and revise opinions holds beyond the

study period.

8.2.2 Interpretive Scaffolds for Agent-Mediated Information Consumption

People increasingly obtain information by asking conversational LLM agents rather than searching

or reading primary sources. The agent retrieves and synthesizes across sources and returns a composed

answer, and that answer becomes the surface on which the user forms an opinion. Interpretive scaffolds

could be applied at this surface, treating the agent’s response as the information being encountered and

layering interpretive resources onto it. This raises a design problem distinct from the prior systems:

the surface is generated on demand and varies from query to query, rather than a persistent text or

visualization that can be annotated in advance.

8.2.3 Multimodal Information

Information about social issues now arrives substantially through multiple modalities, such as videos,

live-streamings, short-form clips, and podcasts. The designs of interpretive scaffolds I presented assume

a persistent textual or visual surface to annotate so the user can explore diverse interpretations, but such

designs may not transfer to audio-only or time-based channels where attention is serialized by playback.

Surfacing interpretive resources in these channels, for example by layering commentary into playback or

adding interactive elements on videos, is an open design problem.
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