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Abstract

Decision-making requires examining underlying assumptions and
concepts, considering diverse perspectives, and weighing potential
consequences with clear, accurate reasoning. Recent large language
models (LLMs) show promise for assisting decision-makers by com-
bining reasoning capabilities with the ability to retrieve relevant
information from large documents. However, our formative study
with five professional decision-makers revealed key limitations of
using LLM in workflow: time-consuming alignment of user goals,
lack of evidence-based grounding, overwhelmingly long outputs,
and unsurfaced assumptions undermined user trust in the LLM
output and the validity of the final decision. We introduce Criti-
cality, a system that operationalizes the Paul-Elder Critical Think-
ing framework to structure reasoning into interactive Elements of
Thought (e.g., purpose, assumptions, perspectives, implications),
and evaluates and guides reasoning using Intellectual Standards
(e.g., clarity, fairness, logic). It also retrieves evidence for each claim,
classifies it as supporting, neutral, or contradictory, and explains
the claim-evidence link. A within-subjects study (n=13) comparing
Criticality to ChatGPT 5 Pro, a state-of-the-art reasoning model
in conversational interface, found that Criticality improved user
interaction of steering and repairing through the decision-making
process, producing better decision rationales compared to the base-
line.
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1 Introduction

Decision-making is the process of identifying and selecting the best
course of action among alternatives to achieve a desired outcome.
This ranges from everyday choices like comparing which product
to buy or route to take to work, to more high-stakes ones such as
selecting between competing investment strategies, career choices,
or policy interventions. Sound decision-making requires more than
just intuition; it demands critical thinking, i.e., the ability to rea-
son logically, examine assumptions, explore different perspectives,
and ground conclusions in evidence [14, 20, 77, 78]. In today’s
information-rich world, decision-makers also increasingly rely on
evidence-based reasoning, using documents, often filled with visu-
alizations, tables, textual insights, and analyses to ensure decisions
rest on credible evidence and transparent, defensible logic [3–5].

Large Language models (LLMs) with advanced mechanisms (e.g.,
extended context windows [21], data retrieval-drieven methods
[34], and deep research modes [68, 114]) have shown promise in
processing large volumes of text documents, but present critical
limitations for decision-making. LLMs frequently generate halluci-
nated or biased responses [28, 36, 84, 96], and traditional conversa-
tional interfaces, where users type a prompt and receive a single
lengthy textual output, trap them in inefficient multi-turn repair
cycles to clarify intent [92]. Recent reasoning models (e.g., GPT
o-series [67], Claude Sonnet [2], or Gemini Pro [21]) are trained
to generate intermediate steps in a reasoning trace before arriving
at the final answer. While these approaches improve performance
on benchmarked reasoning tasks, they often fail to generalize to
unfamiliar or open-ended problems [88]. For users, the interaction
remains passive: they must wait as the model “thinks," with latency
that grows alongside task complexity [79, 117]. This limits oppor-
tunities for users to inspect, steer, or repair reasoning, leading to
frustration and reduced trust [80, 109]. Even with the reasoning
trace, users face challenges in evaluating whether the model has
engaged in critical, evidence-based exploration examining multiple
perspectives, potential biases, and implications [13, 118]. Evaluation
that is especially important given that these reasoning traces do not
faithfully represent the models’ actual reasoning, reducing their
transparency value and their reliability for decision-making [18].

To investigate needs and challenges in document-driven decision-
making workflows, we conducted a formative study with five pro-
fessionals who regularly make or recommend business decisions.
Through interviews, we identified key challenges, including align-
ing on intents, unclear evidence referencing, and unexpressed as-
sumptions or alternatives. Through a participatory design exercise,
we validated and extended the Paul-Elder Critical Thinking Frame-
work [77], demonstrating that it can be a useful way to structure a
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reasoning trace and get alignment between users and LLMs. Specif-
ically, the framework’s Elements of Thought (purpose, question
at issue, assumptions, point of views, concepts, information, in-
ferences, consequences) can scaffold the reasoning process into
manageable components that users can inspect and modify, while
the Intellectual Standards (clarity, accuracy, precision, relevance,
depth, breadth, logic, significance, and fairness) provide quality
control mechanisms to ensure rigorous critical thinking (Table 1).

Based on these insights and design considerations, we built Crit-
icality, an interactive system that structures LLM reasoning into
editable elements of thought, assesses and guides thinking quality
with intellectual standards, and bases each reasoning on relevant
evidence from the report with explanatory links of whether the
evidence supports or contradicts the claim. We conducted a within-
subjects study asking 13 participants to engage in two document-
based decision-making tasks and produce a rationale for each using
Criticality in one condition and using a Baseline of ChatGPT
5 Pro, a state-of-the-art reasoning model embedded in a popular
conversational interface, in another. Our findings demonstrate that
when using Criticality, participants were able to interact with the
reasoning trace to steer and repair it during the process, often pre-
ferring to use Criticality over Baseline. Also, blind-to-condition
raters’ evaluations of participants’ decision-rationales indicated
that participants produced higher-quality decisions when using
Criticality.
In summary, this work makes the following contributions:

• Insights from formative interviews and participatory design
exercises with five decision-makers that identified common
workflows, challenges, and design considerations for sup-
porting users during document-driven decision-making.

• The design of Criticality, a system that operationalizes the
Paul-Elder Critical Thinking framework into an interactive
human-AI decision-making interface. This includes inter-
active techniques for: i) structuring, assessing, and guiding
LLM outputs into reasoning traces, ii) retrieving evidence
with explanatory links to show how evidence supports or
contradicts reasoning steps, and iii) providing affordances
for users to engage with reasoning traces.

• Qualitative insights from a within-subjects study (n=13) sug-
gesting that scaffolding reasoning traces with interactive
affordances, critical-thinking-based structure and guidance,
and evidence links enhance the human-AI decision-making
experience.

2 Related Work

Our work builds on prior research studying how people make
decisions, especially using critical thinking and evidence-based
reasoning, and LLMs and systems built to support these workflows.

2.1 Supporting Decision-Making Workflows

Research in decision-support systems has long examined how peo-
ple use information to make decisions, revealing common work-
flows and needs. Simon [89] divides decision-making into phases: (i)
identifying issues and collecting information, (ii) developing alterna-
tive options, and (iii) evaluating these options [69]. Many decision-
supporting systems try to automate the process and present final

decisions that nudge users to comply (e.g., employment hiring [49],
loan approval [86], investment advice [55]). However, automation
deprives users of the opportunity to develop decision-making strate-
gies [33], while fostering inappropriate user reliance due to a discon-
nect between AI output and user reasoning [81]. External factors
such as time pressure increase AI dependence and decrease deep
cognitive engagement [94], underscoring the need for tools that
foster more agency and cognitive engagement. Previous decision-
support systems have assisted parts of these stages. To support
identifying issues and collecting information, systems have been
designed to suggest concepts [72], problem frames [73], and data
[38, 90] to mitigate the challenge of under-specified, ambiguous,
or biased user requests. For later stages, research has focused on
externalizing decision options and criteria into decision matrices
that help users compare alternatives more effectively [32, 51, 52].
Criticality is designed to support users throughout their decision-
making process.

2.1.1 With Evidence-Based Reasoning. Providing evidence and ex-
planations that reveal a model’s reasoning has been shown to
strengthen decision-making by improving understanding, uncer-
tainty awareness, and trust calibration [29, 66, 103]. Further re-
search demonstrates that the presentation of evidence in various
forms, as visual layouts [112], logical structures [14], delibera-
tion [56], and interactive affordances [101], strongly shapes users’
trust and reliance on AI. Building on this work, Criticality ad-
vances evidence-based reasoning by focusing on the presentation
of evidence. Instead of merely displaying an explanation, it sys-
tematically links each reasoning claim to specific supporting or
contradicting passages in data reports. It then uses strong affor-
dances, such as visual indicators and direct links, to encourage users
to examine this evidence. This is designed to make evidence evalu-
ation a seamless part of the workflow, moving beyond fragmented
verification towards evidence-based reasoning.

2.1.2 With Critical Thinking. Critical thinking is a disciplined, re-
flective process of rationally analyzing and evaluating information
to guide belief or action [27, 45], which involves questioning as-
sumptions, considering multiple viewpoints, using logic and ev-
idence, and reflecting on the reasoning process [1, 12]. Among
various critical thinking models [7, 30, 77, 98], the Paul-Elder frame-
work [77] is particularly well-suited for operationalizing in com-
putational systems because it provides a clear, structured mapping
between the Elements of Thought (the components of reasoning
Table 1 (left)) and evaluating its quality using Intellectual Standards
(criteria for evaluating reasoning quality Table 1 (right)). Other
models only introduce limited components (three for Ennis [30]
and six for Bloom [7]) or lack the quality assessment (Toulmin [98]).

Recent HCI research has also begun to shed light on the im-
portance of fostering critical thinking during knowledge work.
Textual critiques and provocations can enhance critical thinking in
AI-supported knowledge tasks [25], while structured group discus-
sions that challenge assumptions improve decision quality [20, 48].
Similarly, AI chat-bots employing Socratic questioning techniques
cultivate deeper reflection and critical thinking [26, 31, 57, 71].
Building on these insights, Criticality structures reasoning traces
into interactive components based on the Paul-Elder framework’s
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Table 1: Paul-Elder Critical Thinking Framework [77]: Elements and Standards for Data-Driven Decision-Making

Element De�nition Standard Assessment Criteria

Purpose The overarching goal directing the reasoning pro-
cess.

Clarity Evaluates comprehensibility and precision of reasoning ele-
ments.

Question at Issue The speci�c problem and sub-problems requiring
resolution.

Accuracy Assesses factual correctness and empirical validity of claims.

Assumptions Underlying beliefs and presuppositions supporting
the reasoning process.

Precision Evaluates the speci�city and detail of reasoning components.

Point of View The perspective from which the reasoning is made.Relevance Assesses the degree to which reasoning elements contribute
to addressing the central question.

Concepts Theoretical constructs, de�nitions, and principles
shaping analytical frameworks.

Depth Evaluates whether reasoning adequately addresses inherent
problem complexity.

Data / Evidence Factual foundation supporting reasoning pro-
cesses.

Breadth Assesses comprehensiveness of perspective and considera-
tion of alternative approaches.

Inferences Logical conclusions derived from available evi-
dence.

Logic Evaluates the internal consistency and validity of inferential
processes.

Implications Both intended consequences and potential unin-
tended e�ects of proposed decisions.

Signi�cance Assesses whether reasoning focuses on the most consequen-
tial aspects.

Fairness Evaluates reasoning for bias, self-interest, and adequate
stakeholder consideration.

Elements of Thought, and o�ers interactive guidance to improve
the quality of thinking in each element.

2.2 LLMs, Conversational Interfaces and Limits
of Human-AI Decision-Making

LLMs started as next-token predictors but are now evolving into
systems exhibiting human-like reasoning capabilities [53, 105], en-
hanced by stepwise prompting strategies like Chain-of-Thought [106]
and Tree of Thought [113]. Recent reasoning models (e.g., Ope-
nAI's GPT o-series [67], Anthropic Claude [2], and Google Gemini
Pro [21]) generate intermediate steps in a reasoning trace before
producing a �nal answer. While this improves performance on
benchmarked tasks, LLMs remain fundamentally optimized for �u-
ency over factual accuracy [39], often hallucinate [24], fail at com-
plex or unfamiliar reasoning tasks [64, 88], and amplify cognitive
and data biases [28]. Users' role is also limited as passive readers:
they wait as the model processes the reasoning chain, which grows
with task complexity [79, 117]. This limits users' opportunities
to inspect, steer, or repair reasoning [80, 109], where reasoning
traces frequently fail to re�ect the model's actual logic or critical
evaluation, reducing transparency and reliability [13, 18, 118].

Most users interact with LLMs through conversational inter-
faces, which are intuitive but limited for decision-making tasks [16].
Initial prompts are often underspeci�ed, typically requiring multi-
turn repair to align on intent [92, 116], and users tend to trust
chat responses more than traditional search results even when
quality is comparable [93, 115]. HCI theory emphasizes that high
automation requires high human control [87], yet conversational
interfaces provide minimal agency. Recent interfaces reveal inter-
mediate reasoning: AI Chains [108] and Stepwise/Phasewise [43]
enable interactive task decomposition, DirectGPT [58] allows direct

manipulation of generated text, and many systems expose step-by-
step reasoning traces via bullet points, tree structures, or interface
components [46, 75, 99].

Criticality builds on these e�orts by structuring human-AI
reasoning into explicit steps that users can steer and edit during
the process. It replaces generic reasoning traces with a rigorous
pedagogical framework that assesses and guides speci�c cognitive
behaviors of both the model and the user. It further evolves the
"human-in-the-loop" paradigm by not only spotting errors, but
auditing each claim and reasoning step in retrievable evidence,
and intellectual standards. Unlike reasoning traces in current con-
versational interfaces and reasoning models, it enables users to
interactively steer, inspect, and verify each step, fostering critical,
evidence-based reasoning and collaborative human-AI decision-
making rather than black-box automation.

3 Formative Study
We conducted a formative study with professionals who routinely
reason with reports often combining text, tables, and visualizations.
Our aims were to (i) understand current work�ows and challenges,
(ii) elicit design considerations for LLM-assisted decision-support
systems, and (iii) characterize how people evaluate the AI reason-
ing quality. See supplemental material for detailed examples of
interview materials.

3.1 Participants
Using purposeful sampling [74], we recruited �ve participants
(P1�P5) by posting on three Slack workspaces frequented by busi-
ness executives and analysts, professionals who often reason with
and make decisions based on data and reports. Participants repre-
sented diverse backgrounds: gender (two women and three men),
from �ve domains (banking, marketing, consulting, construction,
and �nance) who routinely make or in�uence decisions, with an
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average of 14 years (8-20 years) of experience. Roles included VP of
Business Intelligence, Analyst, Consultant, Enablement Lead, and
Marketing Partner. All had previous experience using conversa-
tional interfaces of LLMs over the past year.

3.2 Procedure & Analysis
This study was conducted in accordance with the internal research
policies of the authors' a�liated organization, an anonymized com-
pany. All participants provided informed consent, and data handling
practices adhered to the company's ethics, privacy, and con�den-
tiality standards.

3.2.1 Semi-Structured Interview.(20 mins) Each interview followed
a semi-structured guide. Participants described their background in
decision-making, walked through a recent example, and discussed
how they ensured reasoning quality and trust. We also explored
their prior experiences with LLMs, desired AI roles, and where AI
support would be most bene�cial.

3.2.2 Participatory Design Exploration.(15 mins) We then facili-
tated a participatory design exercise around interfaces for human-
AI decision-making. We initially presented participants with a
user scenario of making an investment strategy and walked them
through low-�delity Figma prototypes showing variations in rea-
soning traces, guidance, and layout. They annotated designs, sug-
gested alternatives, and discussed how each supported their work-
�ow. Interviewers also posed user scenario questions to prompt
deeper re�ection and design feedback.

3.2.3 Evaluation of AI Reasoning Traces.(10 mins) Participants
rated a sample of LLM reasoning traces using the Paul�Elder frame-
work [77]'s intellectual standards (Table 1(right)) on a 5-point Likert
scale. They thought aloud about their evaluations and what im-
provements could raise each rating.

3.2.4 Analysis.Each session was transcribed and thematically an-
alyzed. We iteratively clustered themes along work�ow strategies,
user challenges, and co-design feedback.

3.3 Findings
3.3.1 Workflows & Challenges.We observed four recurring parts
to the work�ow with corresponding pain points:

[C1] Scoping & alignment (3/5; P2,P3,P4). When collaborating
as a team, people iteratively clarify goals, stakeholders, and
constraints; with LLMs, this becomes slow prompt�response
repair.�The most di�cult part is to understand their require-
ment... that's the key."(P3)�I ask a lot of questions... to really
understand them."(P1) Participants wanted proactive clari�-
cation�I want it [LLM] to act like a concierge. Ask clarifying
questions with options. Solving the wrong problem faster is
still the wrong problem."(P5).

[C2] Referencing behavior (2/5; P1,P5). Decisions rely on in-
specting original data sources (dashboards, sheets, slides).
For example, P2 noticed that for a conference�VP registration
is down 46% ... here are the accounts with VPs that haven't
registered yet [to reach out to with the next marketing mes-
sage]." �KPI signals show this [construction] job's got issues...

that drives what resources we need to allocate and change to-
day."(P4) However, linking claims to precise anchors (cell,
�lter state, �gure) is tedious, and conversational interfaces
cite reports but not exact locations, undermining trust in
data and stakeholder persuasion. As P5 said,�I want the refer-
ence. If I uploaded a PDF, show me exactly where, which table
and which data point.�

[C3] Interacting with long outputs (2/5; P1,P2). Traditional
work�ows, as well as those with LLMs, can have multiple
artifacts generated over the course of multiple back-and-
forth messages. This can be verbose and meandering in terms
of context carryover as well as task focus. Users struggle
to navigate and make sense of this:�This feels like scribbled
notes, not thoughtfully written and clear."(P2)�I don't know
what I'm reading... it feels disconnected from what I need"(P3)

[C4] Considering alternatives & assumptions (3/5; P1,P2,P5).
Participants need visible assumptions, uncertainty, and ex-
plicit option comparisons across criteria to judge quality
and defend choices. As P5 said,�How do I know it's really
34�42%... how did that number come to exist? Is it hallucinat-
ing?" Provide caveats and what's beyond scope; suggest who to
talk to."

3.3.2 Preferences and Challenges when using the Critical Thinking
Framework for Structuring, Assessing, and Guiding Reasoning Traces.
When interacting with low-�delity prototypes where the reasoning
trace was represented as the elements of thought in Paul-Elder's
critical thinking framework, all �ve participants preferred it to the
reasoning traces they had previously experienced in conversational
interfaces to LLMs. Participants described the framework as �a clear
map of how the model is thinking" (P2) and �something I can follow,
not just a wall of text" (P1).�It's covering all the important aspects,
making sure we don't have any blindspots or biases."(P2)

All participants also favored integrating intellectual standards�based
assessments and guidance directly within each reasoning element,
rather than displaying feedback in a separate panel.�If it's embed-
ded right there, I can �x it on the spot instead of hunting for what
it's talking about."(P4) In terms of guidance style, four of the �ve
preferred receiving guidance asdirect action recommendations. �I
like when it gives me a concrete next step instead of a question. It saves
time and feels like it's collaborating.(P4)�Actionable feedback is way
more helpful than asking me vague why questions."(P1) One of them
preferred Socratic questioning.�Sometimes I want it to prompt me
to think deeper on why I made that assumption or choice, and I can
address it how I want."(P3) while none preferred receiving provoca-
tions, describing these styles as�confrontational"and�unhelpfully
vague".

However, participants also identi�ed limitations. Some partici-
pants desired evidence-based reasoning support to know whether
or not each reasoning step was grounded in the source report.�I
love the structure, but how do I know it's not making this up? Show me
where that's from in the report.�(P1) Similarly, P5 added,�If I upload
a report, I want to see exactly which table or paragraph supports that
claim."Another challenge was wanting increased interactivity to
steer and repair each element:�This is great. I love how it breaks
down the reasoning, but I want a way that I can step in and correct
it." (P3) Participants also wanted support for an executive summary
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Figure 1: (left) ChatGPT 5 Pro, where the reasoning process took about 5 minutes (A) and produced a reasoning trace with
limited interactivity (B). (right) Criticality with the same prompt and report (C), incrementally produces an interactive
reasoning trace (D). Reasoning is based on evidence retrieved from the report, where clicking on an evidence link navigates
to the exact passage in the report panel (E). The intellectual standards' heatmap strip shows the quality of reasoning in that
element (F).

that distilled the reasoning trace into an output they could present
to their stakeholders and collaborators.�Give me a summary that
keeps the evidence links. I need to defend my decision later to my
team."(P4)�At the end of the day, I need something I can show my
VP�a clear, defendable takeaway."(P3)

3.3.3 Evaluation of Reasoning Traces.We also collected the ratings
and the underlying reasoning from the participants for the LLM
reasoning traces and converted them into a few-shot prompts used
to score the decision-criterion pair. The detailed formulation of the
scores is described in Section 4.3.4 (see Supplementary Materials
for few-shot prompts).

3.4 Design Considerations for Human�AI
Decision-Making Systems

Grounded in these �ndings and in related work, we list our core
design considerations:

[D1] Structure reasoning into transparent, interactive steps
that support early alignment and iterative steering.
[C1, C3] [16, 79, 87] LLM-assisted decision-making systems
should proactively clarify user goals through early and con-
tinuous alignment loops. Reasoning should be externalized
into structured, inspectable elements that users can itera-
tively clarify, correct, or re�ne. Systems should also support
non-linear navigation and preserve traceability of edits so
users can understand how earlier steps in�uence �nal out-
comes.

[D2] Ground reasoning in veri�able, linked evidence, main-
taining transparent claim�evidence traceability. [C2]
[14, 29, 101, 103, 112] To strengthen trust and accountability,
each claim should be linked speci�c evidence and indicate
whether that evidence supports, contradicts, or remains neu-
tral.

[D3] Embed ongoing, adaptive guidance to improve reason-
ing quality and re�ection. [C4] [13, 25, 40, 48, 118] Guid-
ance grounded in intellectual standards (e.g., clarity, logic,

fairness) should appear within each reasoning step, combin-
ing actionable recommendations with re�ective prompts. To
help users monitor and improve reasoning quality through-
out, systems should visualize this at each step.

[D4] Summarize decision and rationale for communication
[C1, C4] [44, 63, 70, 85]. The decision-making goal, explored
alternatives, underlying rationale, supporting evidence, and
any trade-o�s considered should be summarized in a report.
To support audit-ability during stakeholder communication,
the report should preserve interactive evidence links and sur-
face key assumptions, trade-o�s, and implications, enabling
downstream users to quickly inspect and verify reasoning.

4 Criticality
Following the design guidelines derived from the formative study,
we developed theCriticality system.

4.1 User Scenario
Consider Marcus, a senior undergraduate student studying com-
puter science, exploring which speci�c �eld to pursue and what
skills to develop for his future career. Wanting to base his deci-
sion on credible insights, he consults the World Economic Forum's
Future of Jobs Report [107], a 290-page report aggregating the per-
spectives of over 1,000 global employers, across 22 industry clusters
and 55 economies, outlining workforce transformations, emerging
job categories, in-demand skills, and industry disruptions through
2030, and presenting these insights as visualizations, infographics,
data tables, and text.

Wanting to make a sound career decision, Marcus attempts to use
ChatGPT-5 Pro (Figure 1(left)), which o�ers multi-step reasoning
and promises �research-grade intelligence". After prompting, he
has to passively wait and watch as the model reasons step-by-
step for many minutes. Upon receiving a lengthy output, he feels
overwhelmed [C3]. He is unsure if it considered all alternatives,
diverse perspectives, and implications of di�erent options, but the
information overload forces him to focus on making sense of the
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output instead of critically engaging with the content [C4]. Wanting
to trace how the output is based on the report content, he clicks
on the in-line citations, but they just reference the entire report,
leaving him unsure about the model's evidence base [C2]. Reading
the output, he realizes that he needs more speci�c job descriptions,
so he revises his prompt to include his major as criteria [C1].

Feeling frustrated with his limited agency, and not wanting to
wait longer, Marcus switches toCriticality (Figure 1(right)). He
enters the same prompt and report. Within seconds,Critical-
ity processes the prompt and report, and displays its interpretation
of his Goal, allowing him to verify and edit for alignment before
proceeding, saving time and tokens on irrelevant subsequent steps.
A red icon in theintellectual standards' heatmap stripindicates
a lack ofPrecisionin his Goal. Hovering reveals a suggestion to
specify the roles, careers, or industries he is targeting (Figure 2).
Marcus clicksauto-�x , reviews the proposed edit that adds `technol-
ogy roles emphasizing leadership, continual learning', and �nding
that it aligns with his context, approves it. The icon turns green.
Satis�ed with the re�ned goal, he clicks the check mark to continue.

Following Criticality 's reasoning trace, Marcus reaches the
Listing Assumptionsstep, which lists the LLM's assumptions (Fig-
ure 3). Some are initially toggled o� due to contradictory evidence
in the report. Curious why the assumption `Technical skills can be
acquired and mastered within...' is toggled o�, Marcus clicks on the
retrieved evidence classi�ed as weakly-contradicting, which takes
him directly to that visualization in the report. Thinking that the
claim should re�ect his current situation rather than the report, he
activates the assumption so that it can be included in his and the
LLM's reasoning process.

Further alongCriticality 's reasoning trace, theComparing
Optionselement presents adecision matrix(Figure 4) of career
options and criteria derived from previous elements in the reasoning
trace. Marcus adjusts criteria weights via sliders, and the system
dynamically re-ranks options to highlight those best aligned with
his preferences. Wondering why `AI/ML Specialization' scores low
on `Skill Acquisition Speed', he inspects its scoring breakdown
and sees that contradictory data reduced the score's con�dence
(Figure 4D).

Subsequent elements in the reasoning trace,Insights& Take-
aways and Implications(Figure 5), help Marcus reason through the
consequences of each choice. The former distills key insights from
the matrix, �agging those with quality issues that Marcus can tog-
gle o�; the latter outlines short-, mid-, and long-term implications,
helping him understand each option's broader outcomes.

After aligning on every element in the reasoning trace,Criti-
cality presents anExecutive Summary(Figure 6), condensing the
reasoning process into a concise recommendation, a rationale with
trade-o�s with alternatives and evidence. Clicking on highlighted
keywords lets Marcus trace each suggested decision back to its
evidence from the report. Reviewing the summary, Marcus feels
con�dent in his decision and the reasoning behind it and begins
planning his next steps toward achieving his career goals.

4.2 System Features
Incorporating the design considerations from the formative study,
Criticality provides four core features that support critical rea-
soning and the data-driven aspect of decision-making tasks.

4.2.1 Elements of Thought[D1] . According to Paul-Elder's frame-
work, all reasoning can be decomposed intoelements of thought,
which form Criticality 's reasoning trace. As there is a natural
order in which some elements are clearly de�ned before others
(e.g., purpose precedes consequences), we sequentially generate the
elements of thought following the logical order in [77]. Users can
edit each element to ensure alignment and quality of reasoning. For
instance, users can toggle one of theAssumptionelement by clicking
on the toggle button, or edit using the edit pen (Figure 3C). In con-
trast to the typically inaccessible, immutable, and non-aligned inter-
nal reasoning traces of LLMs [18], Criticality generates reasoning
traces through conversation, making them accessible, steerable, and
well-aligned with the overall context.

4.2.2 Heatmap and Guidance System Based on Intellectual Stan-
dards[D3] . On every element, a heatmap strip of nine icons pro-
viding an overview of the element's quality of thought assessment
based on nine intellectual standards (Figure 1F). Red indicates major
areas needing improvement, yellow signals minor issues, and green
shows all content meets the standard.

Hovering over any heatmap indicator reveals targeted feedback
speci�c to that intellectual standard and element's content(see
Figure 2). Noti�cation pills above the element's content blocks
highlight the most critical areas and hovering over them displays
actionable guidance to support critical thinking.

4.2.3 Evidence-based Reasoning[D2] . To ensure reliable and trust-
worthy chains of critical reasoning, we implement direct linking
between evidence and elements of thought.Criticality retrieves
relevant report snippets and systematically evaluates whether they
support or contradict each assumption, point of view, inference, and
implication within the reasoning elements. The result is presented
as a thin stacked bar chart, which represents the distribution of ev-
idence, notifying users about the data document's level of support
for the element (Figure 3A). Evidence is shown on a �ve-level scale:
dark green for explicit support, light green for implicit support,
gray for neutral, light red for implicit contradiction, and dark red
for explicit contradiction. In the interface, "explicit" and "implicit"
were simpli�ed to "strong" and "weak" for improved clarity.

In addition to the stacked bar chart,Criticality also o�ers
guidance through pre-�ltered selections. When contradicting ev-
idence is detected in the data or when the number of supporting
evidence is insu�cient, that element is automatically deselected by
default and shown with low opacity (Figure 3A). Also, all elements
are reordered based on the evidence supportiveness, where those
strongly supported by the data rise to the top. This process guides
the user, ensuring that only evidence-backed results are passed to
generate the next element, thereby maintaining the integrity of the
reasoning chain.

4.2.4 Decision Matrix[D1, D2] . The decision matrix (Figure 4)
is presented as the sixth element, allowing users to compare and
evaluate possible decision options, following the design of prior
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Figure 2: The guidance-based content auto-�x interaction. Hovering over the red icon, a guidance snippet appears as a tooltip
(A). On pressing the auto-�x button (B), Criticality suggests the �xed content and contrasts it to the existing content (C).
When accepted, the system re-evaluates the quality of the �xed content (D).

Figure 3: Assumptions having insu�cient supporting evidence from the data are toggled o� by default shown as low opacity
(A). The user can inspect the individual evidence (B) and override the decision based on the assumption and decision-making
context (C). Only the contents that are toggled on are used to generate the next elements (D)

works [50, 69] that provided interactivity and a�ordance. Each cell
of the matrix corresponding to the decision option and criterion
pair is colored according to a heatmap, representing the score of
how advantageous the decision option is in terms of the criterion.
When the user clicks on a speci�c cell, the score distribution view
(Figure 4D) appears, allowing the user to observe how the score
is calculated based on the evidence and intellectual standards of
critical thinking. The detailed composition and formulation of the
score are described subsequently in Section 4.3.4.

Each criterion has a relative weight value [1-10], re�ecting the
user's context and preference for prioritizing options. As the user

modi�es the weight with a slider, the rows are dynamically re-
ordered so that the most relevant and signi�cant criteria appear at
the top. At the same time, the overall score for each decision op-
tion is calculated as a weighted sum of all scores on each criterion,
where the options with higher scores are sorted to the left.

4.2.5 Executive Summary[D4] . After going through the reason-
ing trace elements,Criticality generates anExecutive Summary
that synthesizes the reasoning trace into a concise argumentative
narrative. It integrates key insights from each element of thought
and highlights the highest-scoring decision options from the de-
cision matrix. The summary presents structured reasoning in a
format suitable for stakeholder communication while maintaining
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Figure 4: The Decision Matrix (A) shows the decision options and criteria to compare those. Users can adjust the criteria
importance with the slider (B), which automatically reorders the matrix layout (C). Selecting a score cell opens the score
breakdown modal (D), which shows the decomposition of the overall score into scores of user preference, critical thinking, and
evidence distribution.

evidence links for transparency. Users can click references within
the summary to navigate back to speci�c reasoning elements or
report sections, maintaining full transparency and auditability of
the decision-making process (Figure 6A). The executive summary
thus serves as both an entry point for a deeper exploration of the
reasoning trace and a deliverable for shared understanding among
stakeholders.

4.3 System Architecture
Criticality operationalizes the Paul-Elder Critical Thinking Frame-
work [77] to sca�old AI-assisted decision-making through a se-
quential processing architecture described in Figure 7. The system
accepts a user prompt and a report as input. TheDocument Indexer

processes the input report to enable evidence retrieval through-
out the reasoning process. TheReasoning Trace Generatorthen
produces Elements of Thought in logical sequence (purpose, key
questions, assumptions, perspectives, concepts, decision matrix,
inferences, and implications, allowing users to intervene and steer
the reasoning before subsequent elements are generated. As each
element is produced, two parallel processes evaluate its quality:
the Intellectual Standard Evaluatorassesses reasoning against nine
dimensions (clarity, accuracy, precision, relevance, depth, breadth,
logic, signi�cance, and fairness) and displays visual indicators as
heatmap strips for potential issues (Figure 1F), while theEvidence
Retrieversearches indexed reports for related content and classi-
�es passages as supporting, neutral, or contradictory to generated
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Figure 5: (left) Insights and Takeaways show possible inferences derived from the decision matrix. (right) Implications outline
potential consequences organized by the temporal scope (short, mid, and long-term)

Figure 6: The Executive Summary (A) consolidates reasoning across all generated elements. Users can click keywords or use the
right panel dropdown to view detailed evidence supporting or contradicting each decision option against the selected criterion
(B). Clicking any evidence in the list (C) opens the Evidence Viewer (D), which highlights the relevant section in the data report.

claims. These evaluations inform a Guidance and Recommendation
Loop that provides actionable suggestions for improving reason-
ing quality and presents evidence distributions for user validation.
Users maintain full control to accept, modify, or reject any generated
content throughout this iterative process. After passing through
all elements of thought, the system concludes by generating an

Executive Summary that synthesizes the critical thinking elements
into a cohesive decision recommendation supported by evidence
and acknowledged trade-o�s. Please refer to the supplemental ma-
terials for detailed prompts, including a few-shot example derived
from the formative study.
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