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Abstract
Literature review is not a simple search task; it is an iterative, ex-
ploratory process through which researchers identify, interpret,
and synthesize prior work. The papers selected and how they are
interpreted shape the direction of your entire research. However,
many AI-assisted tools treat literature review primarily as a re-
trieval problem, presenting ranked lists of papers and positioning
users as passive consumers rather than active sensemakers. Using
a research-through-design approach, we developed a conceptual
interactive prototype featuring scope steering, AI-generated clus-
tering, on-demand explanations, and explicit feedback mechanisms
1. We conducted think-aloud sessions with participants of varying
technical backgrounds, followed by a post-study Likert question-
naire assessing perceived agency, understanding, and trust. Findings
indicate that agency emerges when users can visibly encode intent
and observe predictable changes in system behavior. Exposed in-
termediate structuring, such as clustering, supported interpretive
sensemaking by enabling users to reason about thematic organi-
zation. Trust was calibrated rather than absolute, depending on
alignment between user actions and system responses. Differences
between technical and non-technical users further highlight the
need for mixed-expertise design. These results frame AI-assisted
literature review as a collaborative sensemaking and suggest de-
sign implications emphasizing steerability, structural transparency,
adaptive explanations, and interaction-level coherence to support
calibrated trust. 2

1 Introduction
Conducting a literature review is a cognitively demanding task
that requires iterative sensemaking, comparison of perspectives
across papers, and continual refinement of research questions [19].
While recent artificial intelligence (AI) tools can help with paper
discovery and summarizing it, they often treat users as passive
consumers of information rather than active collaborators [16].
Such designs can reduce user agency by limiting user control [2],
obscure how conclusions are formed by hiding system reasoning
[12], and increase the risk of over-trust in AI-generated outputs
[3]. Additionally, many non-technical users rely on vague prompts
and expect AI systems to infer their intent in a human-like way,
revealing a mismatch between how users express goals and how
current AI tools require precise prompting [23].

Despite growing interest in AI-assisted literature review, most
tools emphasize improving retrieval or summarization quality rather
than supporting the interactive sensemaking processes through
which users develop understanding. As a result, users are often

1Working Prototype is available at https://cosense.vercel.app/
2Code is available at https://github.com/NeelFaganiya12/CoSense

left to adapt their goals to the system through repeated prompting,
rather than being supported in expressing their intent, inspecting
the system’s reasoning, or correcting misunderstandings. To ad-
dress this gap, we investigate how a human-centered, interactive
AI interface can support literature review as a sensemaking activ-
ity by shifting the focus from prompt-based interaction towards
user-driven steering, feedback, and transparency. To guide this ex-
ploration, the study is structured around the following research
questions:

RQ1: How do interaction design choices in AI-assisted
literature review tools influence users’ sense of agency and
control?

RQ2: How do on-demand explanations and feedbackmech-
anisms affect users’ understanding of why papers are sug-
gested, grouped, or ranked in a particular order?

RQ3: How do these interaction mechanisms shape users’
trust and reliance on AI-generated suggestions, particularly
for non-technical users?

To answer these questions, this work adopts a research-through-
design approach, using a conceptual interactive AI prototype as
a design probe rather than building a fully functional AI system.
The objective is to explore how interaction design choices, such as
user-driven steering, feedback, and on-demand explanation, shape
user agency, understanding, and trust during literature review, and
to derive actionable design principles for human-Centered AI tools.

2 Related Work
2.1 Design Considerations for Human-AI

Systems
2.1.1 Sensemaking and External Representations: Sensemak-
ing has been widely characterized as an iterative process through
which users explore, organize, and refine their understanding of
complex information spaces rather than retrieve single answers.
Pirolli and Card’s sensemaking loop describes a cycle of informa-
tion foraging, schema construction, and hypothesis refinement,
emphasizing the cognitively demanding nature of analytic work
[17]. Rather than progressing linearly from query to answer, users
repeatedly gather evidence, construct intermediate representations,
and restructure their understanding as new information emerges.

Russell et al. further analyze the "cost structure" of sensemaking,
showing how different operations, such as searching, encoding,
and re-encoding, redistribute cognitive and interaction costs [18].
External representations, including visualizations and structured
workspaces, play a central role in reducing cognitive burden and
supporting iterative reorganization. These models suggest that

1
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effective tools for literature review should not merely retrieve rele-
vant documents but should also externalize intermediate structures
that users can inspect and manipulate.

Recent work extends sensemaking into AI-assisted contexts,
where AI systems surface patterns, cluster information, or generate
summaries to assist exploration [10]. However, many such systems
focus on improving retrieval quality or summarization accuracy
rather than supporting the iterative restructuring that characterizes
deeper understanding. This work builds on classical sensemaking
theory by treatingAI-generated clusters and rankings as provisional
structures that users can question, reorganize, and refine.

2.1.2 Human-AI Collaboration and Mixed-Initiative Inter-
action: Prior work in human-AI interaction emphasizes the im-
portance of preserving user agency and designing systems that
support effective human–AI collaboration [2, 3]. Mixed-initiative
interaction frameworks argue that intelligent systems should allow
users to guide, correct, and override automated behavior rather than
passively accept system outputs [2, 9]. Such approaches position
AI as a collaborator rather than an autonomous decision-maker.

Decision guidelines for human-AI interaction further recom-
mend that systems make their capabilities and limitations visible,
support user control, and enable meaningful feedback [2]. These
principles are particularly important in high-stakes or interpretive
tasks, where users must maintain ownership of decisions. Recent
research also demonstrates that optimizing AI systems solely for ac-
curacy may not produce the best outcomes in collaborative settings;
instead, models should be evaluated in terms of how they support
overall human-AI performance [3]. Together, this body of work
suggests that collaboration requires transparency, controllability,
and opportunities for user intervention.

While prior research has established general principles for mixed-
initiative interaction, fewer studies examine how these principles
apply specifically to scholarly workflows such as literature review.
Our work operationalizes mixed-initiative collaboration in the con-
text of AI-assisted sensemaking by introducing mechanisms for
scope steering, structural feedback, and explanation inspection.

2.1.3 Transparency, Explanation, andTrust Calibration: Trans-
parency and explanation play a central role in shaping users’ mental
models of AI systems. Work on explanatory debugging demon-
strates that explanations are most effective when they are inter-
active and allow users to question and correct system reasoning
rather than merely consume static justifications [1]. Such interac-
tion helps users build more accurate mental models and supports
calibrated trust.

Research on trust in automation further shows that highly accu-
rate AI systems can inadvertently encourage over-reliance, particu-
larly when users lack insight into how outputs are produced [3].
Over-trust may occur when users perceive systems as authoritative
without understanding their limitations. These findings suggest
that explanations should be designed not simply to justify system
outputs but to support trust calibration and critical engagement.

In the context of literature reviews, where users must synthesize
diverse perspectives and detect subtle differences across papers, an
inappropriate reliance on AI-generated clusters or summaries could
prematurely shape interpretations. By enabling users to inspect
grouping rationales and provide corrective feedback, this work

investigates how transparency mechanisms influence trust and
reliance in AI-assisted scholarly workflows.

2.1.4 Prompt-Based Interaction andNon-ExpertUsers: Large
language models (LLMs) have popularized prompt-based interac-
tion as a primary mechanism for controlling AI systems. How-
ever, recent studies highlight challenges faced by non-technical
users when interacting with prompt-driven interfaces. Zamfirescu-
Pereira et al. show that non-expert users often rely on vague prompts
and expect AI systems to infer intent in a human-like manner, lead-
ing to frustration, self-blame, or misplaced trust when outputs do
not align with expectations [23]. Prompt formulation thus becomes
a cognitive burden rather than a seamless interaction.

Complementary work on prompting in creative applications ar-
gues that effective use of generative models requires dedicated inter-
face support rather than relying solely on trial-and-error prompting
[6]. These findings suggest that prompt-based interaction alonemay
be insufficient for complex, evolving tasks such as literature review,
where goals shift dynamically and require iterative restructuring.

Related research on intelligent systems further indicates that
users prefer mechanisms that allow them to inspect, question, and
refine system behavior rather than repeatedly reformulate prompts
[13]. Together, this body of work motivates interaction designs
that reduce reliance on prompt engineering and instead support
intent expression through feedback, structural manipulation, and
transparency.

2.2 AI-Assisted Literature Review Systems
AI has increasingly been applied to support literature review, evi-
dence synthesis, and scholarly discovery workflows. Prior work in
this space broadly falls into three categories: (1) Systematic review
automation, (2) Exploratory scholarly discovery tools, and (3) large
language model (LLM)-based literature assistants. While these ap-
proaches improve efficiency and access to information, they differ
in how they conceptualize user involvement and interaction.

2.2.1 Systematic Review Automation: A substantial body of re-
search focuses on reducing manual workload in systematic reviews
through machine-learning-based screening and prioritization. Ac-
tive learning and relevance classification techniques have been used
to assist abstract screening and study selection, to reduce manual
workload and improve efficiency [11, 20, 21]. These systems are
typically embedded within structured review protocols and con-
ceptualize AI primarily as a filtering mechanism that accelerates
predefined tasks.

Although effective in improving efficiency, interaction is often
limited to accepting or rejecting AI suggestions, with limited sup-
port for exploratory restructuring or interpretive sensemaking. As
a result, these systems primarily support efficiency within well-
defined review pipelines rather than open-ended scholarly explo-
ration (e.g., AI tools assist screening but do not replace human
judgment, and their usability and adaptability remain limited across
diverse contexts) [4, 14].

2.2.2 Scholarly Discovery Tools: Beyond systematic review
contexts, AI-powered tools for scholarly discovery platforms such
as Semantic Scholar, Connected Paper, and ResearchRabbit provide
semantic search, citation network visualizations, clustering, and
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automated summarization to help users navigate large research
landscapes by surfacing related papers, influential works, or the-
matic grouping [7].

These systems improve discoverability and overview generation;
however, their interaction models often rely on ranked lists, static
clusters, or network graphs presented for inspection. Opportunities
for users to meaningfully restructure AI-generated organizations,
modify grouping rationales, or provide structural feedback are
typically limited. AI-generated clusters are frequently treated as
informative recommendations rather than provisional structures
open to revision [5].

2.2.3 LLM-Based Literature Assistants: More recently, LLM-
based systems have been introduced and are trying to enhance
conversational interfaces for querying and synthesizing research
literature [22]. These tools enable cross-document summarization
and natural language question answering, lowering barriers to
access and accelerating overview generation [8].

However, prompt-based interaction can obscure intermediate
reasoning and make it difficult for users to inspect relationships
among source documents [8]. By centring on answer generation,
such systemsmay shift workflows toward information consumption
rather than iterative comparison and schema construction.

Across these categories, AI-assisted literature review systems
predominantly prioritize efficiency, retrieval relevance, or summa-
rization quality. Fewer systems explicitly frame literature review as
an ongoing sensemaking process in which AI-generated structures
are provisional and subject to user-driven refinement. In contrast,
this work conceptualizes AI outputs as intermediate representations
within a collaborative sensemaking loop, foregrounding scope steer-
ing, structural feedback, and transparency mechanisms to support
user-agency and calibrated trust.

3 Methodology
I li

3.1 Research Approach
This study adopts a research-through-design approach to explore
how interaction design choices shape user agency, sensemaking,
and trust in AI-assisted literature review. Research-through-design
treats the creation of artifacts not merely as implementation work,
but as a method for inquiry. Rather than testing a predefined hy-
pothesis about system preference or performance, this approach
uses the design and reflective evaluation of a prototype to gen-
erate insights about user interaction, interpretive processes, and
emerging design tensions within a particular design space [17].

We developed a conceptual interactive prototype as a design
probe to investigate how different interaction mechanisms, such as
scope steering, AI-proposed organization, and on-demand expla-
nations, affect users’ understanding and control during literature
review. The goal is not to build a fully functional AI backend or eval-
uate model accuracy, but to examine how users engage with and
interpret AI-generated structures within a structured workspace.
By abstracting away algorithmic complexity and simulating AI be-
haviors, the study isolates design as the primary variable of interest.

This approach is particularly appropriate for the research ques-
tions posed in this work, which focus on how design choices in-
fluence perceptions of agency, transparency, and trust. These phe-
nomena are experiential and interaction-dependent, making ex-
ploratory, design-centered inquiry more suitable than controlled
performance-based evaluation. Insights generated through iterative
interaction with the prototype inform the derivation of design prin-
ciples for human-centered AI tools that support literature review
as an ongoing sensemaking activity.

3.2 Prototype Design
The prototype is designed as an interactive literature reviewworkspace
that simulates AI-assisted organization and synthesis while fore-
grounding user control. Rather than implementing a fully functional
retrieval or generative system, the prototype models key interaction
behaviors commonly found in AI-assisted tools. This design choice
allows the study to isolate and examine interaction mechanisms
without conflating them with algorithmic performance.

As shown in Figure 1, the interface consists of three primary
regions: (1) a steering panel for defining scope and constraints,
(2) an AI-proposed organization panel that presents clustered or
ranked papers, and (3) an inspection and feedback panel that enables
explanation and corrective interaction.

3.2.1 Steering and Scope Definition. The left panel provides
users with mechanisms to define and refine the scope of their liter-
ature review. Users can specify a research topic, adjust the search
scope using a scope slider (narrow to broad), and explicitly include
or exclude keywords. This design models scope steering as a first-
class interaction mechanism rather than a single static query. By
allowing users to adjust constraints iteratively, the system frames
literature exploration as a dynamic process rather than a one-shot
retrieval task.

An explainability setting further allows users to control the
verbosity of AI explanations. This reflects the design hypothesis
that explanation depth should be adjustable rather than univer-
sally imposed, enabling exploration of how explanation granularity
influences perceived understanding and cognitive load.

3.2.2 AI-ProposedOrganization. The central panel presents the
AI-proposed cluster of papers. Rather than displaying a flat ranked
list, the system groups papers into thematic categories (e.g., "Attack
mechanisms", "Evaluation methodology", "HCI sensemaking"). Each
cluster includes representative cues such as top keywords and brief
metadata summaries.

Clusters are treated as provisional structures rather than au-
thoritative categorization. Users can inspect why a paper appears
within a cluster, request explanations of the grouping rationale,
and observe simplified reasoning signals (e.g., shared keywords
or thematic similarity). This design externalizes intermediate AI
structure to support interpretive inspection.

3.2.3 Paper Queue and Inspection. A secondary review queue
displays individual papers with tags and metadata, allowing users
to inspect items outside the cluster view. Selecting a paper reveals
a detailed panel with title, authors, venue, citation count, tags, and
a summary. The interface explicitly displays an "AI confidence"
indicator to make uncertainty visible rather than implicit.

3
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Figure 1: Overview of the interactive prototype interface. The layout consists of (A) scope steering controls, (B) AI-proposed
clusters, and (C) inspection and feedback panel.

Explanation buttons (e.g., "Why this paper?" or "Why this clus-
ter?") allow users to request on-demand rationales. Explanations are
intentionally simplified and transparent, prioritizing interpretabil-
ity over technical detail.

3.2.4 Feedback and Structural Correction. The prototype in-
cludes explicit mechanisms for user feedback. Users can mark pa-
pers as relevant or not relevant, add notes, and rename clusters.
These actions update the AI-proposed organization, simulating
how corrective feedback influences subsequent recommendations.
Rather than restricting feedback to binary relevance judgments, the
design allows structural intervention (e.g., questioning groupings),
reinforcing the framing of AI as a collaborator rather than an oracle.

3.2.5 Simulation Approach. Our prototype operates over a cor-
pus of candidate papers from OpenAlex, while ranking, clustering,
and explanations are generated dynamically from the participant’s
current query, constraints, scope settings, and feedback using a
Gemini model; a deterministic heuristic fallback is also used only
when the model is unavailable or returns invalid output, which
lets the user see and operate over a fixed local corpus of candi-
date papers. This design kept the document space constant across
participants while still studying adaptive AI-supported interaction,
enabling a focused examination of how scope steering, cluster-
ing, explanations, and feedback influenced sensemaking, perceived
agency, and trust.

3.3 Participants
The study will involve a small group of participants recruited
through convenience sampling from the academic and professional
networks. We include 10 participants, balanced across two cate-
gories: (1) technically experienced users with prior exposure to AI

tools or research workflows, and (2) non-technical users with lim-
ited experience using AI-assisted systems for academic tasks. This
distinction was intentional, as prior research suggests that expecta-
tions, trust calibration, and prompting behaviors differ significantly
between expert and non-expert users [23].

Participants included individuals who have prior experience
conducting literature reviews, such as graduate and senior under-
graduate students. While familiarity with AI tools was not required,
participants must have had basic experience reading and organiz-
ing scholarly materials to ensure meaningful engagement with the
prototype.

Given the exploratory and design-oriented nature of this study,
the sample size is appropriate for identifying recurring interaction
patterns and usability tensions rather than for statistical gener-
alization. The goal was to surface qualitative insights into how
different interaction mechanisms influence users’ sense of agency,
understanding, and trust.

Sessions were conducted in an informal research setting, i.e.,
think-aloud walkthroughs. No sensitive personal data was collected
beyond basic background information related to technical experi-
ence and familiarity with literature review tasks.

3.4 Procedure
Each session lasts approximately 30-45 minutes and was conducted
individually. Participants first received a brief introduction to the
study’s purpose, framed as an exploration of interaction design in
AI-assisted literature review tools. They were then given a short
tutorial explaining the interface layout and available interaction
mechanisms, including scope steering, cluster inspection, expla-
nation requests, and feedback controls. They then completed the
exploratory tasks designed to simulate literature review activities.
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Following the introduction, participants completed a set of struc-
tured, exploratory tasks designed to simulate a literature review.
For example, they were asked to: (1) narrow or broaden the scope of
a topic using the steering controls, (2) inspect AI-generated clusters
and identify which appear most relevant to a particular research
question, (3) request explanations for specific groupings, and (4)
provide feedback by marking papers as relevant or reorganizing
clusters. These tasks were intentionally kept open-ended to encour-
age natural interaction and exploration rather than task-completion
speed.

3.4.1 Think-Aloud Session. Throughout the session, participants
were asked to think aloud, verbalizing their expectations, interpre-
tations, confusion points, and reasoning processes as they inter-
acted with the prototype. When necessary, participants were gently
prompted (e.g., "What do you think the system is doing here?"
or "Why did you choose to adjust the scope?"), while avoiding
directing their decisions.

Sessions were documented through written observation notes
and, where permitted, audio recordings for later reference. The
focus of data collection was on identifying patterns in how users
interpret AI-generated structures, respond to explanations, adjust
scope, and provide user feedback, as well as how these interaction
mechanisms influence their perceived sense of control and trust.

3.4.2 Post-StudyQuestionnaire. Following the think-aloud ses-
sion, participants completed a brief post-study questionnaire con-
sisting of six Likert-scale items (1 = Strongly Disagree, 5 = Strongly
Agree) designed to capture perceived agency, understanding, and
trust. The questionnaire was intended to capture participants’ re-
flective impressions after interacting with the system. The items
were:

• I felt in control while using the system
• The system responded predictably to my inputs
• I understood why papers were grouped the way they were
• The explanations helped me understand the system’s rea-

soning
• I felt confident relying on the system’s suggestions
• I trusted the system to support my literature review process

These items were analyzed descriptively to triangulate qualitative
findings rather than for statistical inference.

3.5 Data Collection and Analysis
Data was collected through a combination of observational notes,
participant think-aloud verbalizations, and optional audio record-
ings when permitted. During each session, the participant’s notable
behaviors, hesitations, clarification requests, scope adjustments,
and interactions with explanation or feedback mechanisms were
documented. Particular attention was given to how participants
interpret AI-generated clusters, how they respond to explanations,
and how they describe their sense of control or trust.

Following data collection, session notes and transcripts were
reviewed using an inductive thematic analysis approach. Observa-
tions were grouped into recurring patterns related to agency, un-
derstanding, trust calibration, and interaction breakdowns. Rather
than coding for quantitative frequency, the analysis focused on
identifying meaningful design tensions, unexpected user behaviors,

and differences between technically experienced and non-technical
participants.

Emerging themes were iteratively refined and synthesized into
actionable design insights. These insights informed the articulation
of design principles of AI-assisted literature review systems that pri-
oritize user-driven steering, structural transparency, and calibrated
trust. The goal of the analysis was not statistical generalization, but
the generation of interaction-level design guidance grounded in ob-
served user behavior. Survey responses were analyzed descriptively
(e.g., through summary statistics and response distribution) to tri-
angulate qualitative findings rather than for statistical inference of
the collected data.

4 Results
4.1 RQ1 - Agency and Perceived Control
4.1.1 Scope Steering as a Primary Mechanism of Agency.
Across both participant groups, scope steering (narrow↔ broad)
emerged as a central mechanism for perceived control. Participants
consistently articulated clear expectations about how narrowing or
broadening scope would affect specificity and coverage, and most
reported that the system’s behavior aligned with those expectations.

Non-technical participants described scope steering as helping
them "focus on what they care about" and reduce irrelevant infor-
mation. Technical participants articulated more detailed mental
models, describing scope as adjusting retrieval precision or filter-
ing criteria. In both groups, the ability to iteratively adjust scope
reduced the need to reformulate full prompts, shifting interaction
from one-shot query generation to incremental refinement. This
qualitative finding was reflected in post-study responses, where the
mean rating for agency-related items were high for both groups
(technical:𝑀 = 4.8; non-technical:𝑀 = 4.3; see Figure 2), aligning
with participants’ reports that scope steering and working defini-
tions strengthened their perceived control over the process.

Interpretation:Making scope adjustable through a persistent
UI element, rather than hidden in prompt text, appears to external-
ize control and reinforce user ownership of the retrieval process.
Instead of reformulating entire queries, users could manipulate a
visible parameter and observe incremental changes in the output.
This shift from hidden prompt engineering to explicit interaction
suggests that agency in AI-assisted systems is supported not only
by outcome quality but also by the visibility and manipulability
of control mechanisms. By rendering refinement as an interactive
continuum rather than a discrete query submission, scope steering
transforms retrieval from a transactional exchange into an ongoing,
user-directed process.

4.1.2 Working definition. Participants across expertise levels
emphasized the importance of the working definition field - a free-
text area intended for specifying inclusion criteria, conceptual
boundaries, or clarifying the intended framing of the research topic.
Non-technical users interpreted it as a way to clarify what is "in
scope" versus "out of scope". Technical users treated it as a fine-
grained control layer that meaningfully shaped system behavior.
Several technical participants explicitly stated that without a work-
ing definition, the AI might misinterpret their intent. This suggests
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Figure 2: Mean post-study Likert ratings (1 = Strongly Disagree, 5 = Strongly Agree) comparing technical and non-technical
participants across six items assessing perceived agency (Q1, Q2), understanding (Q3, Q4), and trust(Q5, Q6).

that definitional framing functions not merely as input text, but
also as a psychological anchor for perceived control.

Interpretation: Users experience agency not only when they
can adjust results, but also when they feel their intent has been
explicitly encoded in the system. The working definition field ap-
pears to serve as more than a query refinement tool; it provides a
visible space for users to articulate conceptual boundaries and ex-
pectations. This articulation process itself contributes to perceived
control, as users see their own framing reflected in the system’s
output. Designing for agency in AI-assisted tools may therefore
require not just an adaptive algorithm, but explicit mechanisms
that allow users to formalize and externalize their intent.

4.1.3 User Feedback as Control. The prototype allowed partici-
pants to mark papers as relevant or not relevant, which triggered a
refresh of suggested papers and, in some cases, an update to cluster
compositions. This mechanism was intended to simulate adaptive
refinement based on user feedback.

Marking papers as relevant or not relevant generally increases
users’ sense of control. Participants described feedback as "training"
the system and narrowing results toward their interests. However,
a subtle tension emerged. Some technical participants expressed
skepticism that feedback would consistently influence AI behavior,
citing prior experiences with conversational LLMs. In one case,
marking a paper as not relevant led to the removal of another paper
the participant valued, reducing perceived control. This indicates
that feedback mechanisms increase agency only when their effects
are predictable and interpretable.

Interpretation: Feedback strengthens perceived agency, but
opaque adaptation can undermine it. While users value mecha-
nisms that allow them to refine results iteratively [15], unexpected
structural changes, such as the removal of related papers or the
clusters, can reduce confidence in the system’s behavior. Designing
adaptive AI systems, therefore, requires not only incorporating

user feedback but also communicating how feedback reshapes the
underlying result space.

4.2 RQ2 - Understanding and Explanation
4.2.1 Clustering as Structural Sensemaking. Clustering emerged
as one of the strongest contributors to understanding. Participants
frequently described clusters as:

• Organized
• Like a mind map
• More structured than traditional AI bullet outputs

Rather than scanning a flat list of papers, users interpreted clus-
ters as thematic groupings that supported a conceptual overview.
Technical users, in particular, contrasted clustering with conversa-
tional AI interfaces, noting that structure reduced cognitive load and
supported synthesis. Non-technical participants initially needed
clarification about what the clusters represented, but once they
understood, they described them as useful for organizing ideas and
tracking subtopics. These qualitative impressions were reflected in
post-study ratings (Figure 2), where understanding-related ques-
tions received high mean ratings from both the groups (technical:
𝑀 = 4.5; non-technical: 𝑀 = 4.0), reinforcing that clustering sup-
ported interpretive sensemaking across both the expertise levels.

Interpretation: Exposing AI’s intermediate structure (group-
ings) supports interpretive sensemaking rather than passive con-
sumption. Instead of presenting results as a ranked list, clustering
externalizes the system’s organization of knowledge, allowing users
to see the relationships between subtopics. This structural visibility
enabled users to compare thematic areas, identify gaps, and reason
about coverage at a higher level of abstraction. In this way, clus-
tering papers together helped users to shift their interaction from
selecting individual papers to navigating conceptual terrain.
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4.2.2 Explanation Depth Preferences Diverge by Expertise.
Explanation verbosity (brief/medium/deep) revealed expertise-based
differences:

• Technical participants preferred deep explanations, request-
ing metrics, technical details, and counterfactual reasoning

• Non-technical participants often preferred brief or medium
explanations unless exploring unfamiliar topics

Despite differing preferences, both groups used "Why this paper?"
frequently to resolve uncertainty. Explanations were particularly
helpful when cluster membership was initially unclear. However,
some technical users found the explanations too generic, suggesting
that transparency alone is insufficient if explanations lack domain
depth.

Interpretation: Explanation depth should be adaptive, and per-
ceived usefulness depends on alignment with user expertise and
task goals. For technical users, shallow explanations may feel in-
sufficient or overly generic, reducing confidence in the system’s
reasoning. For non-technical users, overly detailed explanations
can increase cognitive load without improving understanding. De-
signing explanation mechanisms as adjustable scaffolds rather than
fixed outputs would allow users to calibrate the informational depth
to their current needs, supporting both rapid scanning and deeper
verification.

4.3 RQ3 - Trust and Calibrated Reliance
4.3.1 Trust as Conditional Alignment. Participants did not
demonstrate blind trust. Instead, trust appeared contingent on ob-
servable alignment between:

• Input (scope, keywords, feedback)
• Output (cluster updates, paper changes)

Non-technical users often reported increased confidence when
the system responded visibly to feedback, whereas technical users
were more likely to express cautious trust, emphasizing verification
and personal judgment. These qualitative patterns were reflected in
post-study ratings (Figure 2), where trust-related questions received
moderately high mean scores (technical: 𝑀 = 4.2; non-technical:
𝑀 = 3.8). While both the groups expressed overall agreement, the
slightly lower mean among non-technical participants aligns with
observed moments where confidence decreased when feedback led
to unexpected changes in cluster composition or paper removal.

Interpretation: Trust emerges not from explanation alone, but
also from consistent behavioral alignment between user action and
system response. Participants dynamically calibrated their reliance,
increasing trust when adjustments (e.g., scope changes and feed-
back) led to predictable changes in results. Conversely, unexpected
updates weakened confidence, even when explanations were avail-
able. This suggests that calibrated trust in AI-assisted workflows
depends not only on transparency, but also on observable respon-
siveness and interaction-level coherence over time.

4.3.2 Feedback Transparency and Trust Calibration. When
feedback effects were visible and intuitive, trust increased. When
feedback led to broader structural changes (e.g., cluster merging or
paper removal), confidence sometimes decreased, especially when
a needed paper is removed. This suggests that trust calibration

depends on the system’s ability to communicate and not just what
has changed, but also why it changed.

4.4 Cross-Group Differences
Clear contrasts emerged between technical and non-technical par-
ticipants:

• Mental Models: Technical users reasoned about underly-
ing retrieval logic, while non-technical users focused on
interface cues and visible effects

• Explanation Use: Non-technical users requested expla-
nations frequently to build understanding, while technical
users used explanations strategically to verify or critique
the AI’s suggestions

• Trust Orientation: Technical users were more skeptical
but analytically confident, while non-technical users demon-
strated experiential trust when feedback behaved predictably

• Feedback Relevance: Technical users relied heavily on
feedback and working definition to steer the model to pro-
vide them with their expected papers, while non-technical
users relied more on topic input and cluster inspection

The results, therefore, highlight that transparency and control
mechanisms are not universally experienced in the same way. In-
stead, they function as interpretive scaffolds whose perceived value
depends on users’ mental models of AI behavior. Designing for
mixed-expertise audiences requires not only adjustable interaction
mechanisms, but also mechanisms that support alignment between
system behavior and user expectations. These findings also sug-
gest that expertise shapes not only trust levels but also how users
conceptualize AI collaboration, whether as a controllable retrieval
system, an adaptive assistant, or a structured exploration tool.

5 Discussion and Future Work
Across findings, AI-assisted literature review was experienced not
as retrieval or answer generation process, but as an interactive
sensemaking process. Participants relied heavily on scope steering,
clustering, and feedback mechanisms to iteratively refine their un-
derstanding of a research area. Agency emerged when users could
visibly encode intent (through scope or working definitions) and
observe coherent changes in system behavior. Rather than blindly
trusting the system, participants dynamically calibrated their re-
liance, increasing confidence when outputs aligned predictably with
their inputs and recalibrating when behavior appeared inconsistent.

Clustering played a particularly important role in supporting
understanding. By exposing intermediate thematic structure, the
system enabled users to reason at the level of subtopics rather than
isolated documents. This structural visibility reduced cognitive
load and supported higher-level comparison and organization. Ex-
planations further supported interpretation, but their usefulness
depended on the alignment between depth and expertise: technical
users sought detailed justification, while non-technical users prior-
itized clarity and brevity. These findings suggest that explanation
mechanisms should function as adjustable scaffolds rather than
static justifications.

Feedback mechanisms introduced a productive tension between
agency and uncertainty. Marking papers as relevant or not relevant
increased users’ sense of control when changes were predictable
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and interpretable. However, unexpected shifts in cluster composi-
tion sometimes reduced confidence, especially among technically
experienced users. This suggests that calibrated trust depends not
only on transparency, but also on interactional coherence. Taken
together, the results frame AI-assisted literature review as a collab-
orative sensemaking activity in which structure, steerability, and
predictable feedback loops are central to agency and calibrated
trust. Designing such systems required moving beyond optimizing
retrieval accuracy or summarization quality toward supporting
interaction-level coherence, structural transparency, and adaptable
explanation depth.

This study was exploratory and design-oriented, using a small
sample of participants and a semi-simulated AI backend. Future
work should examine these interaction mechanisms in a fully de-
ployed system with a larger and more diverse participant popula-
tion. Longitudinal studies could further investigate how agency and
trust evolve over repeated use. Additionally, direct comparisons
between structured, cluster-based interfaces and purely conversa-
tional AI tools would help clarify the role of exposed intermediate
structure in supporting sensemaking.

6 Conclusion
This study examined how interaction design choices in AI-assisted
literature review tools shape users’ sense of agency, understanding,
and trust. Our findings suggest that agency emerges when users can
visibly encode intent and observe coherent changes in system be-
haviour throughmechanisms such as scope steering, clustering, and
feedback. Trust was not established solely through transparency;
rather, it depended on predictable alignment between user actions
and system responses. We also observed meaningful differences
between technical and non-technical participants. Technical users
relied more heavily on feedback mechanisms to iteratively refine
results, while non-technical users emphasized definitional framing
and scope clarification. These differences highlight the importance
of mixed-expertise design that supports multiple interaction styles
while maintaining structural transparency. Together, the results
position AI-assisted literature review not as automated answer
generation process, but as collaborative sensemaking process. De-
signing such systems requires prioritizing steerability, exposed
intermediate structure, and interaction-level coherence to support
calibrated trust and user ownership.

7 Ethics
This study was conducted in accordance with established ethical
guidelines for human-centered research. Participation was volun-
tary, and all participants provided informed consent before the
study. Participants were informed about the purpose of the re-
search, the nature of the tasks, and the approximate duration of the
session. No personally identifiable information was collected be-
yond their technical background and familiarity with the literature
review. All collected data, including think-aloud audio recordings,
observation notes, and questionnaire responses, were anonymized
before the analysis. Audio recordings were used solely for tran-
scription and analysis and were deleted after transcription, where
applicable. The prototype was designed to support transparency
and calibrated trust in AI-assisted decision-making. Ethics approval

for this study was obtained in accordance with the University of
Waterloo’s institutional research ethics guidelines.
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