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Figure 1: Overview of how our mechanisms work. When Devin submits a prompt (1), the rule-proposal agent analyzes the

shared context and prompt, infers user intent, and proposes a rule for Devin to review, which is a coordination norm capturing

Devin’s intent (2). Once Devin verifies the rule proposal, it becomes a confirmed rule and is shared with other teammates,

such as Maya (3). In parallel with (2), the rule-checking agent checks the current prompt against all existing rules. If the

rule-checking agent detects potential conflicts with collaborators’ work, it will call the linting agent to generate a linting

message that highlights prior analytic intent, relevant context, and suggested prompt revisions (4). Guided by this linting

feedback, Devin updates the prompt for final code generation (5).

Abstract

In human-AI collaborative data analysis, as analyses rapidly evolve,
the artifacts meant to capture shared understanding often become
incomplete or difficult to interpret, leading to undocumented as-
sumptions, cross-user misaligned intent, context-poor prompts,
and unwanted agent behaviors. To address these challenges, we
introduce a rule-based coordination layer with two interaction
mechanisms, intent scaffolding and prompt-time linting, that make
analytic intent explicit and actionable during human–AI collabora-
tive data analysis. We implement them in IntentLint, a proof-of-
concept system that infers analytic intent from shared notebooks,
represents it as structured, editable rules, and checks users’ prompts
against shared rules. IntentLint helps analysts externalize and
refine their intent and proactively checks prompts for potential con-
flicts. A study with 16 data analysts shows that IntentLint improves
awareness of collaborators’ intent and encourages reflection on
analytic strategies, and provides design implications for supporting
more aligned and transparent human-AI collaborative data analysis.
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CCS Concepts

• Human-centered computing → User interface program-

ming.

1 Introduction

Data analysis is fundamentally collaborative: analysts must coordi-
nate and maintain a shared understanding of what has been done,
why it was done, and what should happen next [16, 65, 88]. In
practice, this shared understanding is often fragile because the ar-
tifacts meant to capture it, such as computational notebooks and
external documents, often become incomplete, outdated, or diffi-
cult to interpret as analyses evolve [43, 66, 79]. Even when they
are of high quality, collaborators must still expend significant ef-
fort to interpret them and infer collaborators’ intent behind prior
decisions [80, 83]. As large language models (LLMs) are increas-
ingly used to support data analysis, they have shown promise in
assisting with code generation, explanation, and conversational in-
teraction with data [52, 72]. These systems suggest that LLMs could
help reduce the burden of interpreting collaborators’ work by syn-
thesizing documentation, summarizing analyses, and generating
explanations within ongoing workflows.

However, these advances do not fully address the demands of
coordination and maintaining shared understanding in human-AI
collaborative analysis. As LLMs become active participants in ana-
lytic workflows, coordination is required not only among human
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collaborators, but also between people and AI agents, and across
multiple AI agents [12]. This shift introduces new challenges, in-
cluding supporting shared mental models, enabling inspection of
agent reasoning, and maintaining coherence across agents [86]. Yet
existing approaches primarily support artifact production and ret-
rospective documentation [72, 79, 93], offering limited support for
these coordination challenges in human-AI collaborative analysis.

To better understand these challenges, we conducted a forma-
tive study with five data analysts performing data analysis tasks.
We found that analysts struggled to externalize analytic intent in
ways legible to both collaborators and AI agents; undocumented
assumptions propagated silently into AI-generated code; and con-
flicts arising from misaligned decisions were rarely surfaced before
causing downstream inconsistencies. These breakdowns suggest a
need for mechanisms that (1) make intent explicit and shareable,
and (2) proactively detect misalignment during interaction.

We introduce a rule-based coordination layer forAI-assisted

collaborative notebooks with two interaction mechanisms,

intent scaffolding and prompt-time linting, to encode intent

as persistent shared rules and enable early issue detection.

Together, thesemechanisms form a feedback loop between intent ar-
ticulation and action: making reasoning explicit and reintroducing
it at critical moments to guide ongoing analysis. We demonstrate
them through a proof-of-concept system, IntentLint. IntentLint
analyzes computational notebooks to extract context about code
dependencies, dataflow, and prior analytic results. From this context
and user prompts, it infers likely goals, assumptions, and decision
rationales, presenting them as structured, editable rules for analysts’
review. When a user issues a new prompt, IntentLint checks it
against active rules and flags potential conflicts before code gener-
ation, helping steer agent behavior toward outputs consistent with
the team’s analytic goals.

We evaluated IntentLintwith 16 participants with data analysis
backgrounds. Results show that IntentLint helped participants
better understand collaborators’ activities and intent, reflect deeper
on their own analytical choices, and identify misalignments earlier.
Analytic intent scaffolding encouraged participants to make their
strategies explicit and revisit them over time, while prompt-time
linting surfaced conflicts between current prompts and previously
established goals or constraints. Together, these results suggest that
intent scaffolding and prompt-time linting can strengthen shared
understanding in human-AI collaborative data analysis.

Our research provides the following contributions:
• A formative study that identifies breakdowns in analytic intent
and knowledge sharing across multi-human, multi-agent data
science workflows, revealing design opportunities for interaction
techniques that support collaboration and alignment.

• A proof-of-concept system that operationalizes analytic in-
tent scaffolding and prompt-time linting, enabling analysts and
AI agents to align on goals, assumptions, and decisions in data
analysis.

• A user study that demonstrates how real-time scaffolding and
linting improve usability, collaboration, and understanding of
shared analytic intent, and provides actionable design implica-
tions for future human–AI collaborative systems.

Despite advances in AI-assisted analysis, our research shows
that collaborative data analysis workflows often break down when
analytic intent is implicit or when coordination is unclear. We
demonstrate how structuring collaboration through intent scaffold-
ing and prompt-time linting enables analysts and AI agents to build
on prior analyses and coordinate more effectively.

2 Related Work

We review prior work on collaborative data analysis and AI-assisted
workflows, focusing on shared understanding and intent alignment.

2.1 Collaborative Data Analysis

Maintaining common ground is a fundamental challenge in collabo-
rative data analysis, as intermediate artifacts are often exploratory
and difficult to interpret [4, 31]. Documentation plays a key role
in sustaining shared understanding [76], and prior systems have
explored varied designs to support this. Systems like Callisto, Ver-
dant, and KTGraph support sensemaking by linking discussions to
artifacts, visualizing analysis histories, and externalizing reasoning
through annotations and provenance tracking [39, 80, 90]. Other
work focuses on cross-role knowledge transfer, such as ZIva, which
facilitates communication of domain expertise to data scientists [57].
However, these systems primarily focus on human–human col-
laboration. The introduction of LLMs fundamentally complicates
knowledge sharing, as systems must also account for how human
knowledge is communicated to AI agents.

Recent work explores knowledge sharing in LLM-mediated envi-
ronments. Tools like CoAIcoder, SemanticCommit, and CoPrompt
leverage context, detect semantic conflicts, and support reuse of
prompting strategies, while studies note that prompts are often not
preserved, limiting reproducibility and collaboration [20, 21, 28, 75].
Other systems, such as Respark and PolicyPad, focus on transfer-
ring human knowledge to guide LLM behavior [18, 73]. However,
these systems either overlook the collaborative dynamics of multi-
human settings or treat knowledge mainly as constraints for AI
agents rather than shared artifacts for all participants. Building
on this gap, our work explores knowledge sharing across multi-
human and agent workflows, where analytical knowledge is jointly
constructed, negotiated, and reused.

2.2 Intent alignment in AI-assisted data analysis

LLM agents with different roles have been applied across the data
science workflow [63]. from translating natural-language queries
into visualizations (e.g., Chat2VIS, ChartGPT) to supporting higher-
level, concept-driven analysis authoring (e.g., Data Formulator) and
decomposing complex analytical intents into structured subtasks
(e.g., DocWrangler, LightVA) [52, 63, 72, 81, 91]. Beyond individual
interactions, recent systems investigate LLM-driven analysis work-
flows. InsightPilot autonomously generates sequences of analysis
steps and insights [51], while DataNarrative employs multi-agent
architectures to generate and verify analytical narratives [33]. Data
Director and similar systems extend this paradigm to multimodal
outputs, such as automated data videos [69]. However, these ap-
proaches often limit user control and provide little support for
expressing user intent throughout the workflow.
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Category Challenges in human collaborative data analysis Challenges in human-AI team collaboration Reference

Code management & technical debt C1: Non-executed code cells with only code comments result in confusion (confuse agents about the cell’s effect and lead to inappropriate code generation) [59]
C2: Modification of code cells used by others (unstable cell dependencies) Agent modifies code without explicit notification to humans [50, 59]
C3: Unintentional function and variable redefinitions Agent redefine variables without explicit notification to humans [59, 77]

Analytical rigor & methodology C4: Difficulty interpreting algorithmic outputs (e.g., correlation coefficients) Distinguish human work and AI generation [58, 64]
C5: Subjective pattern identification without documented criteria Agent infer pattern definition without surfacing uncertainty [2, 3, 37, 44]
C6: Unclear methodology for pattern validation Agent infer methodology without surfacing uncertainty [35, 45, 87, 92]

Data governance & version control C7: Assuming data structure without verification or documentation Reliability in understanding large datasets without explicit guidance [9, 36, 37]
C8: In-place data mutations without version tracking Confuse agents about dataset state, causing inconsistent analyses and conflicts [30]
C9: Neglected data cleaning steps leading to unreproducible or misleading results Struggle to interpret if issues are from data or preprocessing [11]
C10: Ambiguous data source Agent infer data source without surfacing uncertainty [36, 78]

Documentation & reproducibility C11: Undocumented failed analysis attempts or exploratory paths Cause agents to repeat failed analyses or miss context [40, 41, 88]
C12: Lack of documentation for discretionary pre-processing decisions More effort spent reading generated explanations that offer little value [54, 58]
C13: Lack of documentation for data transformations Agent infer data source without surfacing uncertainty [36, 67]
C14: Difficulty understanding how results (charts, tables) were produced Agent provides potentially incorrect inferences [30, 41]
C15: Lack of documentation for statistical assumptions and methodology Agents apply inconsistent methods and generate conflicting conclusions [36, 67]

Table 1: Challenges in collaborative data analysis identified from 25 prior studies

Other work focuses on improving user awareness and interac-
tion with AI-generated outputs. Prior systems support intent align-
ment by enabling users to steer and verify AI analyses through
editable plans and intermediate representations [38, 84], improving
alignment between user prompts and generated scripts [94], and
interactively resolving ambiguous user intent [22, 53]. Related sys-
tems also improve verification by exposing richer data context, such
as Xavier, which integrates dataset semantics into code suggestions
[93], and Amplio, which helps analysts explore underrepresented
regions of datasets [85]. At a broader level, studies of agent config-
uration practices show that developers tend to encode functional
instructions but rarely specify higher-level constraints such as in-
tent, preferences, or quality criteria [8, 34]. Benchmarks such as
BLADE show that LLM agents struggle with open-ended analytical
tasks, producing shallow and low-diversity analyses [25]. While
these approaches establish effective mechanisms for intent align-
ment in single-user, single-session analysis, our work addresses the
additional coordination challenges of maintaining shared, evolving
intent across multiple humans and AI agents.

Emerging research highlights the importance of making AI rea-
soning and coordination more transparent. Systems such as Cocoa
demonstrate that shared, inspectable plans improve human–AI
collaboration [19], while collaborative environments integrating
visible agent roles and actions reshape coordination practices [47].
Similarly, Narrative Scaffolding emphasizes externalizing reasoning
processes to support more robust and defensible analysis [32]. How-
ever, intent is still largely treated as a static input or plan rather
than a shared, evolving construct. Our work builds on this gap by
supporting intent alignment as an ongoing, collaborative process
across both human and AI participants.

3 Formative Study

We conducted a formative study to better understand the challenges
in collaborative data analysis involving multiple people and an AI
coding assistant. Grounded in issues identified in prior literature
(Table 1), we employ a Jupyter notebook as a technology probe
to situate, re-examine, and extend these challenges in the context
of contemporary AI code-assistant tools. Our study focused on
asynchronous workflows, where analysts must interpret changes
after they occur, whether made by themselves, other people, or AI
assistants [74]. This setting presents realistic and unique challenges
for coordination and maintaining shared knowledge.

3.1 Technology Probe Development

The study of collaborative data analysis, both with and without au-
tomated support (e.g., AutoML [66, 82] or AI assistants [51, 52]), is
well established. Rather than re-eliciting known challenges through
self-report, which risks abstract and incomplete accounts, we build
on prior work by employing a computational notebook as a technol-
ogy probe that instantiates these challenges as concrete scenarios,
enabling participants to engage with them in realistic workflows.
3.1.1 Defining Collaborative Data Analysis Challenges. As part of
our formative study, we constructed a set of 15 challenges in collab-
orative data analysis from 25 state-of-the-art papers (Table 1). We
focused on issues related to knowledge and context sharing among
people. Papers were selected from HCI, CSCW, and software engi-
neering based on their influence and relevance to computational
notebooks - the workhorse of data analysis. Using a light-weight
open coding, we identified recurring problem descriptions and
design observations, and iteratively consolidated them into 15 chal-
lenges organized into four categories. As we analyzed additional
papers, few new themes emerged, suggesting sufficient coverage
for our purposes. This synthesis is not intended to be exhaustive,
but rather to provide a representative baseline that grounds our
formative study; participants were able to critique, extend, and
introduce additional challenges during the study.
3.1.2 Construction a Computational Notebook Technology Probe.
Each scenario was implemented as a realistic but synthetic code
segment within a single Jupyter notebook, grounded in the Ames
Housing dataset [1] to maintain a consistent analytical context. The
notebook was pre-executed to ensure uniform presentation, with
each scenario depicting a plausible failure state, such as a silently
overwritten variable or an undocumented preprocessing step. On
the study, Participants could freely edit and re-execute cells. The
full notebook is included in the supplementary materials.

3.2 Procedure, Participants, & Data Collection

Participants provided consent at the beginning of each session.
Each participant received a unique instance of the computational
notebook probe. After taking a few minutes to familiarize them-
selves with the notebook content, they were then guided through
15 brief scenarios illustrating the challenges summarized in Table 1.
In each scenario, participants were shown the actions of two other
human users (User A and User B) and asked to reflect on their
understanding of these actions from the perspective of each user,
gaps and challenges in understanding the user’s actions, and how
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they could be supported by AI assistants or system affordances.
We encouraged participants to think-aloud [48] to capture their
thought processes. Participants were also asked to reflect on their
own experiences encountering these challenges and shared expec-
tations for how LLMs might assist in addressing them. At the end of
the session, participants could further elaborate on the challenges
presented or propose additional ones. Sessions lasted between 60
and 80 minutes. The study was approved by our institution’s Ethics
Board. Participants were remunerated $30/hr via a digital gift card,
with rates adjusted according to the time spent.
3.2.1 Participant Recruitment & Demographics. We recruited five
participants (2 males, 3 females; ages 23 - 26) through purposive
sampling [17], targeting data professionals who routinely collabo-
rate with others in analysis workflows and use AI coding assistants.
Participants were screened on the basis of years of professional
data analysis experience, frequency of conducting data analyses,
and self-reported familiarity with AI coding assistants (interpreted
broadly as using formal coding agents to chatbot interactions ask-
ing for coding advice, etc.). All recruited participants had more
than three years of data analysis experience, and regularly used
LLM-driven tools (See appendix for full demographic details).
3.2.2 Data Collection and Analysis. We collectedmodifications that
participants made to each notebook instance, recordings of their
sessions, and any notes made by the study administrator. Audio
was transcribed and analyzed using an inductive thematic analysis,
seeking to surface insights that informed design goals, rather than
strict inter-coder reliability [5, 71].

3.3 Findings

Data analysts collaborating on multi-author notebooks face co-
ordination, context, and reasoning challenges that are amplified
when AI assistants are involved. Although some challenges resem-
ble those arising from human collaborators, the absence of social
dynamics in AI changes how participants experience and respond
to these interactions. Participants reflected on the persistence of
these challenges over their careers and their expectations toward
how AI agents should respond to support ongoing, asynchronous
collaboration between people.

3.3.1 Persistent challenges with collaborative data analysis. Across
participants, we observed persistent challenges in collaborative data
analysis that span the categories identified in prior work (C1–C15).

Code management & technical debt (C1-C3). Asynchronous up-
dates by people or coding agents contributed to challenges in
managing changes in the notebook, particularly when there were
execution errors (C1). Participants reported that this problem was
exacerbated by coding agents because, unlike humans, it was often
difficult to seek clarification on their intentions behind changes
and resulting errors. Of particular concern was when coding agents
acted on their own accord, by overwriting user code to introduce
unstable dependencies (C2), modifying functions and variables (C3),
and otherwise failing to consider human objectives in the existing
code block. While both human and AI-driven modifications can
introduce technical debt, participants reflect that AI technical debt,
particularly verifying its outputs, was more disruptive and required
active mitigation.

Analytical rigor & methodology (C4–C6). Code-management and
issues of technical debt ultimately contributed to questions about
the overall rigor of the data analysis. Separating between human-
generated and AI-generated code was especially concerning, with
participants raising the propensity of coding agents to hallucinate,
or confidently provide inappropriate suggestions (e.g., algorithmic
choice). As P1 mentioned, “AI generations [sic] cannot be perfect, so
this uncertainty needs to be portrayed to the user.” This often made it
difficult for participants to understand the outputs of analysis algo-
rithms (C4), the logic of the overall analysis (C6), and the rationale
for the choices that have been made (C5). Participants reflected
that when working with people, discussion played a key role in
resolving these ambiguities. However, the same nuanced discussion
was more limited with coding agents. Additionally, P2 expressed a
preference for AI to proactively ask clarification questions rather
than producing inferences based on incomplete information.

Data governance & version control (C7-C10). As datasets grow
in size and complexity, participants expressed doubt that coding
agents could (1) adequately understand these data (C7), particularly
in pre-processing steps, and (2) reliably record changes to the data
state (C8) along with the methodological evolution of the anal-
ysis workflow. They were especially concerned with AI’s ability
to reliably detect issues in the workflows (C9, C10), noting that
“human collaborators can usually infer this is probably a mistake,
but AI may assume humans always make the right decisions.” [P1].
Participants also expressed differing preferences regarding how AI
should intervene when issues are detected. Some preferred that
AI provide suggestions along with rationales for code fixes, while
others favored automated fixes for straightforward issues.
3.3.2 Documentation & reproducibility (C11-C15). Finally, partici-
pants highlighted that LLMs are limited in supporting documen-
tation and reproducibility. Data analysis is iterative updating to
new findings and observations [40]. This makes documenting as-
sumptions particularly important (C11-C13). These add to technical
debt by adding to the burden of “reading tons of AI generation” [P5].
However, these challenges went both ways. P1 noted that when
collaborators do not explicitly document their reasoning and deci-
sions, AI suggestions about which directions to follow can create
additional risks. Moreover, participants expressed skepticism that
coding agents, unlike people, could reliably interpret intermediate
results (C14) or evolving analysis logic (C15). At the same time, ex-
ternalizing higher-order analytical thinking and reflection, whether
by humans or AI, introduces significant cognitive overhead.
3.3.3 New challenges in HAI collaboration data analysis. Partici-
pants also expressed new challenges for how they wished to work
collaboratively with fellow analysts and AI-agents. These reflec-
tions are rooted in those defined in Table 1, and represent how
collaborative human-AI data analysis should evolve.

Participants repeatedly highlighted the importance of shared
contextual information in collaborative notebooks, including: fac-
tual notebook details, stated and inferred analytic intent of users
and AI assistants, and suggested next steps for analysis. While prior
research highlights over-reliance on confident AI outputs, our study
contextualizes this concern within shared notebooks where partic-
ipants emphasized that facts should be presented before inferred
content and clearly distinguished (P2). Preferences varied in the
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amount of context shown: some participants wanted a detailed view,
while others favored a lighter presentation focused on facts and rele-
vant background. Most participants also wanted options suggesting
solutions or prompt improvements, both to reduce effort and to
verify whether the model understood user intent correctly (P5). To
avoid disruptions, participants voiced that timing was important,
particularly for AI agents: real-time suggestions were helpful for
immediate tasks, but non-urgent guidance should be surfaced at
natural milestones, such as when committing changes (P3), to avoid
disrupting exploratory work. Subtle visual cues that integrate with
existing workflows were also critical for effective presentation.

3.4 Design Guidelines

The challenges of our formative studymotivate the following design
guidelines for aligning shared human andAI knowledge and context
in collaborative data analysis.
• DG1: Externalize analytic intent into a shared human–AI

representation. Many challenges arise when analytic intent
remains implicit (C4-7,10-15). Coding conventions address some
issues, but most are context-dependent, requiring semantic un-
derstanding of workflows and collaborators’ intentions. Systems
should externalize analytic intent into a shared representation
that both humans and LLMs can operate on, supporting con-
straints from static rules to context-aware checks.

• DG2: Reduce cognitive burden through context-aware guid-

ance. Coordination in data analysis requires analysts to track the
notebook state and prior decisions as they progress (C1-3,7-9,14).
Systems should reduce this burden by providing context-aware
guidance, surfacing relevant context at the point of action so
users do not have to retrieve prior context themselves.

• DG3: Support iterative refinement of collaboration norms.

As analysis unfolds, collaboration norms, such as how data should
be handled and which assumptions should guide the work, often
need to change as well (C2,5-9,12,13,15). Systems should support
iterative refinement of these norms so shared expectations can
evolve with the analysis.

4 IntentLint

We developed IntentLint, a VSCode extension that helps data
analysts maintain shared knowledge among humans and AI coding
agents in collaborative data analysis. Guided by findings from our
formative study, we propose and operationalize a rule-based coor-
dination layer for AI-assisted collaborative notebooks, supported
by two novel interaction mechanisms: analytic intent scaffolding
and prompt-time linting. These mechanisms are enabled through
shared rules, linked to collaborative challenges, which facilitate
coordination and alignment across human and AI collaborators
(DG3). The interface allows users to propose, review, and manage
rules (Figure 2) and connects with LLM-based tools such as GitHub
Copilot and Claude Code.

4.1 Core Interaction Mechanisms

A key finding from our formative study was the burden of enforcing
data, code, and analysis norms across people and AI coding agents,
leading to significant overhead and technical debt in managing

b

c

a

Figure 2: The IntentLint interface features three panels:

Prompt Linter(a), Rule Proposals(b), and Rule Board(c). The

prompt linter displays linting results for the current user

prompt, along with explanations and suggested improve-

ments. The Rule Proposals panel allows users to review and

edit proposed rules before adding them to the system. The

Rule Board displays all active and inactive rules, which users

can view and manage.

evolving analyses. Participants valued documentation for orienta-
tion, but found it effortful to produce. To address these gaps, we
proposed two interaction mechanisms:

Analytic Intent Scaffolding helps analysts externalize goals,
assumptions, and decision rationales throughout data analysis
(DG1). Rather than relying on people or AI to infer intent im-
plicitly, users iteratively clarify and refine their objectives as the
analysis evolves. We argue that structured representations, rather
than free-form comments or documentation, make analytic intent
explicit, persistent, and verifiable. These representations can be gen-
erated by people or AI coding agents, reducing cognitive burden
for the former and making assumptions of the latter transparent.
By surfacing goals, assumptions, and decisions clearly, they create
a shared reference that can be revisited and built upon over time,
supporting coordination, verification, and flexible engagement in
collaborative analysis.

Prompt-time linting uses externalized analytic intent to pro-
vide timely, context-aware feedback during analysis (DG2). Com-
paring actions against shared expectations helps ensure that human
and AI collaborators remain aligned with goals and assumptions.
This approach brings relevant context into the moment of action,
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Category Default Rule Resolved challenges

Namespace & Definition Management R1: Restrict unintentional variable and function redefinitions C3
R2: Require explicit data reference C7, C10

Dependency & Side Effect Tracking R3: Warn about cell modification cascade C2
R4: Require dependent cells to update C2
R6: Check in-place mutation versions C8

Knowledge & Context Preservation R5: Require algorithmic/statistical test specification comprehension C4, C12, C14, C15
R7: Flag abandoned/alternative paths or operations C11
R8: Flag the impact of preprocessing on target data C9, C12, C13
R9: Flag pattern/threshold definition for pattern comprehension and validation C5, C6

State & Execution Consistency R10: Restrict executing commented out cells C1

Table 2: Default rules instantiated in IntentLint and informed by the formative study challenges. Rules can be extended,

modified, or removed by users, and new rules can be added or dynamically proposed by IntentLint. Rules persist in a

notebook’s workspace, allowing them to be asynchronously enforced over multiple analysis sessions and analysts.

reducing the need for analysts to manually track prior decisions.
When ambiguities or potential conflicts arise, it should surface feed-
back that encourages reflection on how current actions relate to
prior work. Considering alternative resolutions promotes accurate,
aligned, and informed decision-making without requiring analysts
to track prior decisions manually.

Together, these mechanisms form a feedback loop between intent
articulation and action: Analytic Intent Scaffolding makes reasoning
explicit and shareable, while Prompt-Time Linting reintroduces that
intent at critical moments to guide ongoing analysis.

4.2 Rules: soft constraints in collaboration

To operationalize Analytic Intent Scaffolding and Prompt-time

Linting mechanisms, IntentLint implements shared rules that
encode expectations about data, code, and analysis behavior. We
chose rules as the core abstraction because they externalize tacit
coordination norms into explicit, machine-readable forms without
requiring formal specifications. Acting as boundary objects [70],
they also provide concrete artifacts for negotiation: accepting, re-
jecting, or editing a rule becomes a coordination act that builds com-
mon ground (DG3). By linking rules to human and AI actions, the
system can surface timely, context-aware guidance (DG2), detect
potential conflicts, and maintain alignment across collaborators.
4.2.1 Rule Types and Collaborative Analysis Challenges. Based on
the prior literature and formative study findings, we derived a
default set of rules that address the collaborative analysis challenges.
These are shown in Table 2, along with the challenges they aim to
address. Users can modify, remove, or add to this core rule base
(§4.3), and our user study directly assesses their utility as defaults.

Each session is instantiated by the default set of rules. These
rules can be modified, removed, or deactivated during a session,
and new rules can also be proposed. Rules are contained as part of
the notebook’s rule board (Figure 2), and persist after an analysis
session to be used by other people or AI agents at a later time.
4.2.2 Rule Structure. Rules follow a standardized template that
is interpretable by both people and AI coding agents. This tem-
plate provides a scaffold for expressing analytic intent, capturing
assumptions, expected actions, and contextual dependencies in a
structured form that can guide reflection and coordination across
collaborators. An example template is below:

1 {
2 name: "Warn about Cell Modification Cascade"

3 author: {User A}, // system or user ID
4 level: 'info' | 'warn' | 'error',
5 description: "Detects when a user's prompt is...",
6 trigger condition: "The user's prompt...",
7 context: "Commented cell xx...",
8 }

The components of the rule template are as follows:
• A rule name describing the action that should be enforced.
• The author who constructed the rule, which can be a human or
AI collaboration. This information is important for distinguishing
between the actions of people and AI coding agents (DG1).

• A severity level, that encodes enforcement strength. Based on
our formative study, we defined three levels: information, warn-
ing, and error, which respectively surface relevant collaborator
context, flag potentially important issues, and indicate likely vio-
lations that should be resolved before proceeding. The level also
determines how disruptive a triggered rule is, allowing interven-
tion intensity to match the coordination need (DG2).

• A Description makes the rule’s reasoning transparent and veri-
fiable. An LLM agent is designed to understand and trigger the
rules based on the natural language descriptions (DG1).

• Trigger conditions that determine when a rule activates: rules
fire only when relevant, not constantly. It distinguishes struc-
turally detectable patterns (e.g., variable names, column refer-
ences) from semantically rich conditions that require LLM inter-
pretation, enabling the range of constraint types.

• Context that functions as a grounding field which records what
notebook state (outputs, comments, prior code) caused the rule to
be proposed. During early prototyping, we found that surfacing
specific types of context (e.g., dataflow and code dependencies)
improved the accuracy of LLM-based rule checking (DG2).

4.3 Enforcing Rules via Prompt-Time Linting

IntentLint provides an interface for prompt-based interaction,
similar to emerging AI-assisted coding tools, allowing users to
modify computational notebook cells with AI support. When users
input a prompt, IntentLint automatically determines which rules
should be applied, providing real-time linting information (DG2). In
Figure 2, we show an example of this when a participant prompts
an AI assistant to “add correlation analysis of all the variables”.
IntentLint warns that this prompt provides an ambiguous data
reference (C10) and suggests variables from the analysis to revise
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the prompt to provide more information. In addition, IntentLint
dynamically proposes a new rule, one specific to correlation anal-
ysis, that is informed by the triggering of the default and more
generic R5 (’Require algorithmic/statistical test specification’; Ta-
ble 2); this new rule can be rejected or accepted by the user, growing
the rule base without imposing additional overhead (DG3).

Figure 1 illustrates this workflow. Bob enters a prompt, and
IntentLint generates a structured rule that captures his analytic
intent. Bob can review and accept this rule, allowing it to persist
across analysis sessions as part of the shared context (DG1). At
the same time, IntentLint uses prompt-time linting to surface
previously articulated intent from the whole team, including Bob,
Alice, and other team members, warning Bob when his action may
conflict with prior assumptions or decisions. Bob can choose to
proceed, revise his prompt, or contribute new rules of his own,
collectively shaping the shared analytical norms (DG3).

Rule Triggering

Choose suggested fix

Use missing_df

Submit
Rule Proposal

Submit

Rule Proposal

Figure 3: Rule-based Interactions: rule triggering and rule

proposal. Upon prompt submission, IntentLint checks the

prompt with shared rules and the current notebook context.

A linting message with a suggested fix is displayed if a rule is

triggered (left). A new rule is proposed based on the default

rule and the current prompt (right).

4.3.1 Prompt Time Linting Workflow. IntentLint uses a multi-
agent back-end to dynamically apply, propose, trigger, and manage
rules. Multiple agents operate in parallel, but simultaneously return
their results to the main IntentLint interface. In the appendix,
we provide an architectural diagram as well as low-level technical
details of this implementation. Here, we focus on conveying the
high-level steps of this workflow.

Rule Triggering. When a user submits a prompt, IntentLint
evaluates it against the current notebook state and a set of existing
rules (DG2). A back-end ‘rule-checking’ agent interprets each rule’s
trigger condition to determine whether it applies to the prompt.
Because these conditions are context-dependent, the agent dynami-
cally assesses the alignment between the prompt and relevant rules.
Multiple rules may be triggered and are aggregated in the Prompt
Linter panel, which displays the rule name, author, severity, and a
contextual description of potential conflicts (Figure 3).

Suggested Prompt Updates. When a rule is triggered, IntentLint
uses its knowledge of the current notebook state, including code
cell contents, cell indices, execution state, and execution order in
addition to prompt and rules, to propose prompt revisions (DG2).
This is achieved through the ‘linting’ agent that reconciles this
information and proposes prompt modifications. For example, in
Figure 3, IntentLint proposes specific variables from the notebook
that could help reduce the ambiguity in the user’s original prompt.

The suggested revision is surfaced automatically along with the
linting message. Users can accept or decline these changes.

Propose new rules. Finally, IntentLint can propose new rules
based on those that are triggered, enabling more granular linting
over time. A rule-proposal agent suggests candidate rules derived
from existing ones, pre-populated with relevant context (DG1).
Users can review, refine, and add these rules to the rule board, al-
lowing them to be applied in future interactions. This action is
shown in the right-hand panel of Figure 3. The addition or modifi-
cation of rules is propagated in real time to all collaborators, human
and AI, ensuring that the shared rule set remains consistent.

Rule Management. As rule sets expand, IntentLint can support
personalized enforcement of different rules. Team members can di-
rectly modify each rule as the team’s analytical conventions evolve
(DG3). However, individual collaborators can also activate or deac-
tivate any rule in their own workspace, allowing them to suppress
rules that are irrelevant to their current analysis without affecting
other collaborators. This distinction between team-level rule edit-
ing and individual-level activation supports shared conventions
while preserving each collaborator’s autonomy.

4.4 Implementation

The primary IntentLint client-side interface is implemented
in Typescript. The backend is implemented using Python, using
FastAPI to coordinate with the client-side UI, and facilitates rule
checking and prompt-time linting as well as manages the shared
rule set. Additional details are in the appendix.

5 User Study

We conducted a within-subjects study to evaluate the usability of
IntentLint, by answering the following questions: (RQ1) How
do participants perceive the effectiveness of rule proposing for
scaffolding their intent expression? (RQ2) How do participants
perceive prompt-time linting in supporting collaboration and ex-
ploration? (RQ3) Does the system with the rule-based coordination
layer change participants’ workflow? Our focus is not to evaluate
if IntentLint produces better analytical outcomes, but whether it
improves the collaborative analysis experience.

The study was approved by a University Ethics Board. Sessions
were an hour long. Participants were compensated at a rate of
$30/hr, with pay adjusted for sessions that exceeded this time.

5.1 Procedure, Participants, and Data Analysis

5.1.1 Study Conditions & Tasks. Our study included two condi-
tions: a baseline and IntentLint. The baseline condition used
GitHub Copilot (agent mode). Each condition was associated with a
different task, instantiated through separate pre-populated compu-
tational notebooks designed to surface the collaborative challenges.
These tasks and notebooks were co-designed with two experienced
data analysts to simulate representative analysis workflows. The
notebooks contain expert-authored inline comments and mark-
down cells, which were controlled across conditions. The order of
conditions and tasks was counterbalanced in the study.
Task 1: Assess whether sale timing affects price by visualizing me-
dian sale price by month and year, and testing for differences across
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2006–2010. Analyze the luxury segment by comparing Fireplaces
and GarageArea, evaluating alternative thresholds (e.g., top 20%),
and updating preprocessing to remove near-zero variance features.
Task 2: Examine salary differences between attrition and non-
attrition groups using visualization and statistical analysis. Com-
plete preprocessing with one-hot encoding of key categorical vari-
ables, then analyze attrition patterns among high-performing em-
ployees across JobRole categories.

5.1.2 Study Procedure. Participants first provided informed con-
sent, including permission for audio, video, and screen recording.
They were then shown a demonstration of IntentLint and com-
pleted a set of practice questions to familiarize themselves with
the interface. Participants were randomly assigned to begin with
either the baseline or IntentLint condition. For each condition,
they were given a pre-populated notebook corresponding to Task
1 or Task 2 and asked to build on existing work by completing
additional analysis steps that extended prior results. Participants
were encouraged to think aloud throughout the session. After 20
minutes, they switched to the other condition and task and re-
peated the process. At the end of the study, participants took part
in a semi-structured interview, reflecting on how rule proposals
and prompt-time linting influenced their approach to documenting
analytic intent and building on collaborators’ work, as well as their
expectations for integrating the system into their workflow and
suggestions for improvement.

5.1.3 Participant Recruitment and Demographics. We recruited 16
participants ( 8 males, 8 females; ages 20 - 38) from a local university
through mailing list, social media, and word-of-mouth. Potential
participants were asked if they had prior experience with collabora-
tive data analysis and AI tools such as GitHub Copilot and ChatGPT;
they had to answer “yes” to both questions to participate. On a 5-
point scale from 1-“a few times a year” to 4-“daily”, they reported
their frequency of use of AI tools for data analysis as 𝑀𝑑𝑛 = 3.5
(See appendix for full demographic details).

5.1.4 Data Collection and Analysis. Both the baseline and In-
tentLint automatically logged various types of events based on
participants’ interactions during the study. At the conclusion of
each condition, participants were asked to fill out a survey of ten
questions (Figure 5) on a seven-point Likert Scale (1= Strongly
Disagree, 7=Strongly Agree) about their experience, the standard
system usability scale, and the NASA-TLX. We summarize these
results as descriptive statistics and compute statistically significant
differences using a Wilcoxon signed-rank test. Session audio was
transcribed and analyzed using a reflexive thematic analysis [6].
The goal of our analysis was to summarize overall participant im-
pressions and how these support the quantitative findings.

5.2 Findings

5.2.1 Rule-checking reliability. Because IntentLint’s rule-checking
interprets natural-language trigger conditionswith LLM rather than
applying deterministic pattern matching, we assessed how reliably
it fires relative to human judgment. Following prior work that vali-
dates LLM-based classification in interactive systems by comparing
system–human agreement against human–human agreement[46],
two human coders independently labeled 860 prompt-rule pairs

0 5 10 15 20
Number of events

prompt_submitted

prompt_edited

code_edited

rule_triggered

rule_proposed

rule_accepted

Baseline
System
Mean
95% CI

Figure 4: Distribution of system log events for 16 participants

comparing the Baseline System and our system

from the user study log, judging for each pair whether the rule
should fire given the prompt and notebook context. Inter-coder
agreement was almost perfect (Cohen’s 𝜅 = 0.92). LLM–human
agreement ranged 0.64–0.91 across rules (M = 0.86), indicating sub-
stantial agreement.

5.2.2 Overall rule usage and user behaviors. Participants actively
engaged with all features provided in IntentLint. Across sessions,
they interacted with linting messages, accepted auto-fix sugges-
tions, edited prompts and generated code, reviewed and modified
rule proposals, accepted or rejected proposed rules, and checked
the rule board to monitor currently active rules (Figure 4).

Viewing linting suggestions and editing prompts. Across all ses-
sions, participants encountered an average of 22 linting messages
per session. The linting messages covered all categories of rules
and appeared in different levels of severity. The linting messages
prompted participants to reconsider whether their prompts clearly
expressed analytic intent and took collaborators’ work into consid-
eration. Consistent with this observation, we recorded substantially
more prompt edits when participants used IntentLint (𝑁 = 75)
compared to the baseline condition (𝑁 = 40). Participants also
reported that their prompts were clearer and more precise with
IntentLint (𝑄9 : 𝑀𝑒𝑑𝑖𝑎𝑛IntentLint = 6.0 𝑣𝑠. 𝑀𝑒𝑑𝑖𝑎𝑛Baseline = 3.0,
𝑝 < .01). They attributed this improvement to the actionable na-
ture of the suggestions, which reduced the effort required to revise
prompts: “The suggestions helped me to add specifications for the
statistical test, which I am not familiar with.” [P15].

Accepting proposed rules. Overall, participants accepted a major-
ity of the proposed rules (86 out of 157 distinct rules), suggesting
that the system’s rule generation aligned well with collaboration
concerns. However, we observed notable variation in acceptance
behavior across individuals. Some participants adopted a permis-
sive approach, accepting nearly all proposed rules, viewing them
as “safety nets” that could catch potential issues without requir-
ing immediate action. This indicates that our design of the rules
and linting message is not intrusive. Others were more selective,
filtering out rules they considered unlikely to surface meaningful
conflicts, as adding too many rules could overwhelm collaborators
with constraints that distract from substantive analytic work.

Editing rules. Some participants modified the severity level of
proposed rules, for example, changing them from “info” to “warn-
ing”, to emphasize rules they considered more important. This
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Q10: identify potential problems 

Q9: prompts are clear and precise
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Figure 5: User perception of the utility of Baseline and IntentLint, measured on self-defned 7-point Likert scales (Appendix

A.2.3). Dots represent the mean differences of our system compared to the Baseline. Bars indicate the 95% CI calculated using

the studentized bootstrap method.

adjustment reflected participants’ deliberation about which ana-
lytical practices should be more strongly enforced during collab-
oration. Participants also edited rule descriptions. By condensing
the wording and removing potentially ambiguous or misleading
phrases, they aimed to reduce the effort required for collabora-
tors to understand the rules and to ensure the intended guidance
was communicated clearly. Several participants also noted that
clearer rule descriptions could help AI models better interpret the
underlying analytical intent, reducing the risk of misalignment in
subsequent prompts or generated analyses. These behaviors indi-
cate that the structured rule representation prompted participants
to actively reflect on how their analytic intent should be articulated
and communicated to both collaborators and AI agents.

System Usability & Perceived Cognitive Load. To measure the
usability of IntentLint, we computed the SUS scores based on the
UMUX-LITE [49]. Both IntentLint and Baseline have sufficiently
reasonable usability scores, with an average of (M = 77.08) for
IntentLint and (M = 68.75) for Baseline. We also used NASA-TLX
to measure participants’ perceptions of the cognitive workload of
using the systems. The overall perceived workload, obtained by
averaging all six raw NASA-TLX scores (with the “Performance”
measure inverted), did not show a significant difference between
IntentLint and Baseline (Mdn = 2.67 vs 2.92, 𝑝 = .28).

Failure case analysis. We also identified several failure modes of
rule triggering. One common issue arose from too strict variable-
name constraints: variable names reused independently in two cells
can trigger a cross-user conflict, even though the scopes never inter-
acted (P5, P7). Another issue arose from coarse-grained dependency
tracking: false dependency warnings were triggered by edits to un-
related lines, due to cell-level rather than line-level dependency
tracking (P8, P10). These findings suggest that future conflict de-
tection mechanisms should incorporate finer-grained code analysis
and contextual awareness to reduce false positives.

5.2.3 Intent scaffolding encouraged deeper thinking. The structured
intent scaffolding prompted participants to reflect more carefully
on their analytic strategies and assumptions. Participants reported
thinking more carefully about analytical reasoning (𝑄1 : 𝑀𝑑𝑛I =

5.5 𝑣𝑠. 𝑀𝑑𝑛B = 4.0, 𝑝 < .05). As shown in Figure 4, participants

made more prompt edits to articulate intent using IntentLint.
Several participants went beyond accepting the system’s proposed
rules and proactively composed rules themselves: “Some rules are not
proposed by the system, but I want to define a rule when checking the
code.” [P13] This behavior suggests that the scaffolding mechanism
helped participants externalize their own analytic standards (𝑄2 :
𝑀𝑑𝑛I = 6.0 𝑣𝑠. 𝑀𝑑𝑛B = 5.0, 𝑝 < .05). Participants also reported
becoming more deliberate in prompt formulation (𝑄9 : 𝑀𝑑𝑛I =

6.0 𝑣𝑠. 𝑀𝑑𝑛B = 3.0, 𝑝 < .01). For example, by including more
detailed information about variables and statistical tests, reflecting
a more explicit consideration of analysis requirements.

The linting messages also helped participants reason about the
state of the collaborative analysis by surfacing issues and highlight-
ing where attention was needed (𝑄5 : 𝑀𝑑𝑛I = 5.5 𝑣𝑠. 𝑀𝑑𝑛B = 3.0,
𝑝 < .001). As one participant noted, “It gave me the red flags in ad-
vance, so I know sections that we were supposed to alter” [P2]. In this
way, IntentLint helped participants interpret prior work and de-
cide where modifications were appropriate. Rule proposals further
supported this reflection by surfacing analytic considerations par-
ticipants might ignore. These interactions illustrate how structured
rule feedback encouraged participants to reason about dependen-
cies and methodological correctness in the analysis workflow.

Participants also compared the structured scaffolding with ex-
isting mechanisms for communicating intent, such as inline code
comments (𝑄4 : 𝑀𝑑𝑛I = 5.5 𝑣𝑠. 𝑀𝑑𝑛B = 3.5, 𝑝 < .005). Several
participants expressed skepticism toward free-text comments, par-
ticularly in collaborative environments where comments may be
incomplete, outdated, or automatically generated. As one partic-
ipant explained, “most comments are AI-generated anyway” [P3].
Instead, participants described the rule-based representations in
IntentLint as a more dependable way to capture and communi-
cate analytic expectations. These responses suggest that structured
intent scaffolding can complement informal documentation by pro-
viding explicit, actionable representations of analytic intent that
are more tightly integrated with the workflow.

Beyond supporting participants’ interpretation of prior work,
structured intent representations also influenced how they con-
tributed to the shared workspace. Participants described adapting
their own behavior with future collaborators in mind by making
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their analytic intent more explicit and curating what should become
shared coordination knowledge. For example, P3 explained that
they deliberately expressed their intent more clearly because “col-
laborators may not have time to thoroughly review the notebook” [P3].
Participants also became more selective about externalizing rules,
rejecting later proposals that were already subsumed by broader
existing rules to “avoid flooding the shared coordination space” [P11].
These observations suggest that intent scaffolding not only helps
collaborators understand one another’s work, but also encourages
contributors to maintain concise and collaboration-oriented repre-
sentations of analytic intent.

We also asked participants to explain why they rejected proposed
rules. Some participants explained that they tended to reject rules
that represent one-time decisions rather than reusable coordination
rules, or being subsumed by broader existing rules (P8, P13). Other
participants found that some proposed rules are overly strict for
the exploratory nature of EDA task they’re working on, so they
preferred to avoid unnecessarily constraining the team’s workflow
and to “avoid constraining too much for the whole team and annoy-
ing collaborators” [P7]. These responses suggest that effective rule
recommendation should prioritize broadly applicable coordination
practices while accounting for the flexibility and evolving nature
of collaborative data analysis.

5.2.4 Prompt-time linting surfaces issues early. All participants
found prompt-time linting helpful for detecting potential errors
and conflicts before adding code to the shared workspace (𝑄10 :
𝑀𝑑𝑛I = 7.0 𝑣𝑠. 𝑀𝑑𝑛B = 2.0, 𝑝 < .001). For instance, P15 high-
lighted the difference it made: “detecting the error was impossi-
ble before.” [P15]. After resolving a variable conflict flagged by
the extension, some participants reported increased trust in the
generated code: “Now I have the confidence to say that the gener-
ated responses look good by just looking at these panels and warn-
ings.” [P15]. Beyond error detection, linting encouraged participants
to review prompts and generated code, verify alignment with collab-
orators, and check data consistency with contextual explanations
(𝑄7 : 𝑀𝑑𝑛I = 7.0 𝑣𝑠. 𝑀𝑑𝑛B = 2.0, 𝑝 < .001). As P4 noted: “Some-
times I just forget to check the data, and the agent gets back to me with
context and explanations.” [P4] It also reduces the effort required
to resolve conflicts later in the workflow, as P6 mentioned: “It can
reduce time needed for completing a pull-request.” [P6] Although par-
ticipants could deactivate or edit rules, only one chose to do so.
Most perceived rules as non-intrusive and functioning as a safety
net, reducing the need for deactivation.

5.2.5 Change of workflow: reflection on analytic intent and collab-
oration awareness. Overall, participants demonstrated increased
reflection on their analytic intent and whether their prompts clearly
articulated that intent. This shift is consistent with the event logs
(Figure 4), which show more prompt revisions when using In-
tentLint (𝑁 = 75 vs. 40), and fewer direct code edits (𝑁 = 18
vs. 33). These patterns indicate a shift in effort from code-focused
activities toward the formulation and articulation of analytic intent.
Participants also dynamically adjusted rule severity over time, re-
flecting evolving confidence in their analyses and rule authoring.
When initially unfamiliar with the dataset or collaborative context,
participants tended to assign rules a lower (informational) severity.
As their understanding deepened, they increasingly escalated rule

severity to signal stronger expectations or constraints. For example,
P14 explained their decision to upgrade a rule: “I think the choice of
statistical tests is important, I want to warn my collaborators” [P14].

Participants also noted a shift in workload distribution. By of-
floading tasks such as data validation and conflict detection to
IntentLint, they were able to focus more on iterating over an-
alytic intent and decision-making. As P7 described, “The system
can handle the potential conflicts for me” [P7]. This suggests that In-
tentLint supports a form of cognitive offloading that frees analysts
to engage more deeply with higher-level reasoning. In addition,
participants identified specific moments in the workflow where
the system was particularly valuable: during onboarding and when
creating new data frames. These moments are characterized by
uncertainty and a need for alignment, highlighting the role of In-
tentLint in establishing shared understanding early in analytic
processes. In addition, participants surfaced potential use cases and
design considerations: Some described using the linter panel as
a space for experimenting with and testing analytic assumptions
(e.g., “The linter panel is like a sandbox for prompts” [P11]), extending
its role beyond coordination into exploratory reasoning. Others
expressed a desire for greater control over rule management, such
as introducing role-based permissions (e.g., “add an admin/user
distinction for rule management” [P8]). These insights reveal the
opportunities for extending IntentLint to better support both
flexible exploration and structured collaboration.

6 Discussion

We reflect on the design process and study findings, discussing how
intent scaffolding and prompt-time linting integrate into natural
analytical workflows and change collaborative dynamics. We also
outline future directions and design opportunities for supporting
knowledge sharing in multi-human, multi-agent collaboration.

6.1 Human-AI collaborative intent clarification

Prior work has explored AI-generated annotations for documenta-
tion in collaborative settings, often through prompt-based nudges.
However, these are frequently hallucinated, lack grounding in ana-
lytic intent, and remain context-independent, limiting their effec-
tiveness [24, 68, 79]. In contrast, IntentLint positions AI as a col-
laborator in intent clarification rather than a documentation author,
helping analysts articulate and refine their own intent [89]. This
distinction is critical in addressing trust challenges in AI-generated
artifacts [7, 26]. Simply generating more documentation may not
help and can even reduce engagement [56]. Instead, our approach
emphasizes AI-mediated articulation: by requiring analysts to re-
fine rules, intent is collaboratively clarified, improving both its
credibility and usability. Our findings further show that partici-
pants engaged deeply in rule creation, balancing usefulness against
over-constraint. The low rate of rule deactivation suggests this pro-
cess filtered out ineffective rules. We interpret this as productive
friction, prompting users to reflect and not to accept AI outputs
uncritically [7, 10, 15]. Overall, this points to a broader shift from
AI generating artifacts to supporting higher-fidelity articulation of
human reasoning in collaborative analysis.
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6.2 Active warnings vs. passive documentation

Documentation, such as inline comments, is important for captur-
ing analytic goals and rationale [79], but often fails as a coordina-
tion mechanism because it lacks a feedback loop for establishing
mutual understanding [13]. In practice, its passive nature limits
effectiveness: analysts may avoid reading comments due to cog-
nitive effort, especially when they are lengthy or misaligned with
the current analysis goals, creating a gap between available and
used knowledge [29, 61]. Moreover, documentation is decoupled
from action, requiring users to seek it out rather than surfacing it
when needed [78]. As a result, even well-written comments may
be overlooked during fast-paced, iterative workflows.

Our findings suggest that prompt-time linting addresses these
limitations through active, contextual interventions. By surfacing
relevant considerations at the moment of prompt submission, it
reduces retrieval effort and encourages reflection and revision of
intent. In this way, IntentLint not only externalizes intent but op-
erationalizes it as actionable guidance. However, such interventions
must be carefully calibrated to avoid disruption. Rather than replac-
ing documentation, this highlights a complementary relationship
between persistent records and in-the-moment coordination.

6.3 Other forms of knowledge sharing

Knowledge sharing is important to collaboration, but LLM inte-
gration reshapes both what is shared and who it is for [23, 78].
While existing mechanisms like Cursor Rules and Claude Skills
encode knowledge for AI consumption, our approach frames rules
as human-oriented artifacts that surface assumptions and make
analytic intent explicit. This supports coordination, accountabil-
ity, and learning, with linting operationalizing rules as actionable
checks during AI-assisted work. At the same time, our extension
is not intended to replace existing LLM tools, but to interoperate
with them by augmenting how intent is articulated and negoti-
ated. This enables interoperability across environments without
modifying underlying models, pointing to a broader design space
where human-readable scaffolds coexist with AI-oriented configura-
tions. For instance, rules could be translated into prompt templates,
linked to comments, or integrated with version control. Other mech-
anisms, such as shared prompt libraries, intent-aware annotations,
or lightweight review checkpoints, could similarly embed explicit
intent and feedback loops into workflows. Finally, the idea of struc-
tured communication through rules aligns with existing practices
in larger organizations, where teams rely on templates and stan-
dardized processes to coordinate work at scale. Embedding such
constraints at generation time, rather than relying on post hoc
review, helps mitigate silent analytical drift as collaboration scales.

6.4 Limitation and Future work

Our study with 16 participants in a controlled lab setting ensured
consistency but limited insight into long-term use. Following estab-
lished HCI evaluations of asynchronous notebook-based collabora-
tion, participants worked individually on a pre-populated notebook
that represented prior collaborators’ work. This design enabled
controlled comparisons between conditions while evaluating the
usability of our design. However, it does not capture emergent team

dynamics that arise in sustained multi-user collaboration. In par-
ticular, our evaluation cannot fully examine how persistent rules
evolve, become stale, conflict, or support real collaboration over
time. In practice, collaborative data analysis unfolds over longer
periods and often involves asynchronous contributions, where ana-
lysts inherit and extend work they did not produce. A longitudinal
deployment would enable investigation of how rules evolve over
time, whether teams develop shared conventions for rule authoring,
and how intent scaffolds remain effective as analytic goals shift.
The current design also assumes a flat collaboration model, whereas
real teams often have differentiated roles. Supporting role-based
permissions could better reflect organizational practice. Finally, as
the system is limited to notebooks, extending prompt-time linting
to other communication channels (e.g., Slack) could surface rele-
vant rules or potential conflicts directly within team discussions,
supporting more cohesive, cross-channel workflows.

7 Conclusion

We introduce a rule-based coordination layer for AI-assisted col-
laborative notebooks with two interaction mechanisms, analytic
intent scaffolding and prompt-time linting, for supporting shared
understanding and early detection of misalignment in human–AI
collaborative data analysis. By externalizing analysts’ intent into
a shared human–AI representation and checking prompts against
that context before code generation, these mechanisms make ana-
lytic intent more explicit and actionable. A proof-of-concept system
and user study suggest that these mechanisms help analysts un-
derstand prior work, reflect on their intent, and identify conflicts
earlier. Together, our work highlights a promising direction for
future research: designing collaborative AI systems that actively
mediate coordination within a team.
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A Appendix

A.1 Implementation Details

IntentLint is implemented as a VS Code extension written in
TypeScript, backed by a Python server built with FastAPI and con-
nected via REST. The extension watches active Jupyter notebooks
through the VS Code Notebook API and extracts a lightweight inter-
mediate representation (IR) from each code cell using Python’s ast
module. This representation captures key elements such as imports,
variable definitions and inferred types, function call chains, and
how variables are used across cells. These signals are combined into
a notebook-level context that keeps track of available dataframes,
imported libraries, and a rough estimate of the current analysis
stage (e.g., data loading, exploration, or modeling).

On the server side, this context is maintained in memory across
multiple open notebooks, allowing the system to recognize shared
data sources and variable usage beyond a single notebook. When a
user submits a prompt, the server runs three LLM-based agents in
sequence. A rule-checking agent first examines the prompt alongside
the notebook context and rule board, identifying which rules are
relevant by matching each rule’s trigger condition to the user’s in-
tent. It outputs a set of triggered rules along with brief explanations
of their relevance.

This output is then passed to two parallel agents. The linting
agent suggests revisions to the prompt to address potential issues,
grounding its suggestions in the notebook state (e.g., variable names,
column references, or specific cells). In parallel, the rule-proposal
agent suggest specific rules based on the prompt content that could
be added to the rule board. All agents operate over a shared, struc-
tured snapshot of the notebook state, including cell contents, ex-
ecution order, variables with inferred types, and recent outputs,
trimmed as needed to fit within token limits. They return structured
JSON outputs to keep behavior consistent.

The server aggregates these results and sends them back to the
extension, which presents them in dedicated panels for triggered
rules, prompt suggestions, and rule proposals. Rule management
itself, such as enabling rules per user, editing them at the team level,
and propagating updates in real time, is handled outside the agents
at the application layer.

A.2 Questionnaire

Below we list the questions we used in the evaluation study ques-
tionnaire.

A.2.1 UMUX-LITE.

1. This system’s capabilities meet my requirements.
2. This system is easy to use.

A.2.2 NASA-TLX.

1. How mentally demanding was the task?
2. How physically demanding was the task?
3. How hurried or rushed was the pace of the task?
4. How successful were you in accomplishing what you were asked

to do?
5. How hard did you have to work to accomplish your level of

performance?

Match rules to prompt, return triggered set

Rule-checking agent

Propose prompt revision

Linting agent
Suggest new rules

Rule-proposal agent

Dispatches agents

Orchestrator

Prompt Linter panelJupyter notebooks Rule Board panel

Notebook context

Cell contents Prompt

VS Code Extension

Server

Prompt + context + rules

Triggered rules Triggered rules

Aggregated respones

Figure 6: System Architecture

6. How insecure, discouraged, irritated, stressed, and annoyed were
you?

A.2.3 Self-Defined Likert Scale Items.

1. I thought carefully about my analytical goals and reasoning [42].
2. I clearly expressed my intent in the workspace (for my collabo-

rators and AI to understand).
3. I felt confident about which parts of the notebook I could safely

build on [14].
4. I understood my collaborator’s intent enough to safely build on

their work [27].
5. I felt the analytical reasoning was preserved across sessions

[62, 67].
6. The process of writing prompts, iterating on them to generate

better code, and aligning with collaborators felt natural during
my analysis [55].

7. The system helped me think of considerations (e.g., documenting
my analysis and assumptions) I had overlooked [60].

8. The system helped me carefully consider my analytical approach
before running code [60].

9. I felt confident that my prompts are clear and precise.
10. The system accurately identified potential problems (e.g., con-

flicts in collaboration).
11. The effort of filling in the rules was worth it for the collaboration

[55].
12. I am satisfied with the overall suggestions from the system.

A.3 User interface of IntentLint and baseline
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b

c
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Figure 7: Full user interface of IntentLint with Jupyter notebook in the VS Code editor

Figure 8: Baseline (Githug CoPilot) with Jupyter notebook in the VS Code editor

A.4 Tables

A.5 Prompt Template

A.5.1 Prompt for Rule-Checking Agent.
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Gender Age Data analysis experience Data analysis frequency AI use frequency

Men 3 20-29 5 3-5 years 2 Daily 2 Daily 1
Women 2 5-10 years 3 Frequently 1 Frequently 4

Regularly 2 Regularly
Infrequently Infrequently

Table 3: Demographic information of our formative study participants

Gender Age Education Data analysis frequency AI use frequency

Men 8 20–29 13 Graduate (Math/CS/Eng.) 12 Daily 1 Daily 8
Women 8 30–39 3 Undergraduate (Math/CS/Eng.) 2 Frequently 3 Frequently 5

Professional (DS/AI) 2 Regularly 12 Regularly 1
Infrequently Infrequently 1

Table 4: Demographic information of our user study participants

You are a rule-checking agent in a collaborative data analysis environment. Your job is to evaluate
whether a user’s prompt conflicts with or is relevant to any of the active collaboration rules.

Input Format

You will receive three inputs:

1. User Prompt
A natural language instruction the user intends to send to an AI coding assistant for code generation.
This may reference variables, dataframes, columns, or methods that exist (or should exist) in the
notebook.

2. Notebook Intermediate Representation (IR)
A structured summary of the current notebook state, including: - **cell_contents**: A list of cells,
each with:
- ‘cell_index‘: position in the notebook
- ‘author‘: the user who wrote/last edited this cell
- ‘content‘: the Python source code
- ‘is_executed‘: whether the cell has been run
- ‘execution_order‘: the execution sequence number (if executed)
- ‘variables_defined‘: list of variables created (with name, inferred_type, source)
- ‘variables_used‘: list of variable names referenced but not defined in this cell
- ‘function_calls‘: list of function/method calls (with name, object_name, full_call)
- ‘imports‘: list of import statements (with module, name, alias)
- ‘is_commented_out‘: whether the cell is disabled or commented
- **notebook_context**: Aggregated notebook-level state:
- ‘dataframes‘: list of DataFrame variable names currently in scope
- ‘all_variables‘: map of variable name → inferred_type, source, columns
- ‘imported_libraries‘: list of top-level libraries imported
- ‘analysis_stage‘: inferred stage (data_loading | cleaning | exploration | modeling | visualization |
statistics)
- ‘all_imports‘: map of alias → module

3. Active Rules A list of collaboration rules, each with:
- ‘rule_id‘: identifier (e.g., "R1", "R7")
- ‘name‘: human-readable rule name
- ‘rule_type‘: "static" (structurally detectable) or "proposal" (requires semantic judgment)
- ‘severity‘: "error" (blocks execution), "warn" (caution advised), or "info" (awareness only)
- ‘description‘: what the rule checks for and why it matters

For each rule, assess whether the user’s prompt — interpreted in the context of the current
notebook state — falls within that rule’s trigger condition. A rule is "triggered" if executing the
prompt as-is could violate, conflict with, or be meaningfully affected by the rule.

Be precise but not overly conservative. A rule should only be triggered if there is a concrete,
contextual reason — not merely thematic overlap. Consider: - What variables, columns, or data
structures does the prompt reference or imply? - What notebook cells or outputs are relevant? - Does
the prompt’s intent conflict with, duplicate, or undermine the rule’s intent?

Respond with a JSON array of triggered rules. For each triggered rule, include: - rule_id: the
rule’s identifier - relevance: a 1-2 sentence explanation of WHY this rule is triggered by this specific
prompt in this specific notebook state - severity: the rule’s original severity level

If no rules are triggered, return an empty array.
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A.5.2 Prompt for Linting Agent.
You are a linting agent in a collaborative data analysis environment. Your job is to revise a
user’s prompt so that it respects triggered collaboration rules, while preserving the user’s original
analytical intent as closely as possible.

You will receive:

1. Original Prompt
The user’s natural language instruction as originally written. This is the text that was evaluated by
the rule-checking agent and found to trigger one or more rules.
2. The current notebook state (cell contents, variables, execution context) 3. A set of triggered rules
(each with a name, description, severity, and a relevance explanation describing why it was triggered)

The rules that the rule-checking agent determined were triggered, each with:
- ‘rule_id‘: the rule’s identifier (e.g., "R2", "R9")
- ‘name‘: human-readable rule name
- ‘severity‘: "error", "warn", or "info"
- ‘relevance‘: why the rule was triggered in this specific context
- ‘context‘: supporting evidence from the notebook IR
- ‘suggestions‘: actionable revisions that were suggested by the rule-checking agent
4. Prompt Author

The identity of the user who wrote the original prompt, used to determine cross-user relationships with
notebook cell authors.

Revision Principles

Apply these principles in priority order:
Principle 1: Minimal Change
Make the smallest edit that resolves each triggered rule. Do not rewrite the prompt from scratch. Do
not add information, caveats, or instructions that are not required by a triggered rule. The revision
should be recognizable as a minor edit of the original, not a replacement.

Principle 2: Concrete Specificity
Replace ambiguous references with exact names from the notebook IR. Use variable names, column names,
function names, and threshold values as they appear in the notebook. Do not invent names or use
placeholders.

Principle 3: Intent Preservation

Preserve what the user wants to accomplish. The revised prompt should produce the same analytical
outcome, just with clearer, safer, or more collaborative instructions.

Also provide a brief, human-readable explanation of each change you made and which rule motivated it.
This explanation will be shown to the user in a linting panel.

If the triggered rules do not require any prompt changes (e.g., they are informational warnings
only), return the original prompt unchanged and explain why no revision is needed.

Respond in JSON format.

A.5.3 Prompt for Rule-Proposal Agent.
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You are a rule-proposal agent in a collaborative data analysis environment. Your job is to suggest new
collaboration rules that would help the team catch similar issues earlier or more precisely in the future.

Input Format

You will receive four inputs:

1. User Prompt
The natural language instruction that was evaluated by the rule-checking agent. This is the prompt that
triggered one or more existing rules.
2. Notebook Intermediate Representation (IR)
3. Triggered Rules
The list of rules that the rule-checking agent determined were triggered, each with:
- ‘rule_id‘: the parent rule’s identifier (e.g., "R2", "R9")
- ‘severity‘: the parent rule’s severity
- ‘relevance‘: why the rule was triggered in this specific context
- ‘context‘: supporting evidence from the notebook IR
- ‘suggestions‘: the actionable revisions that were suggested 4. Resolution Outcome (if available)
How the user responded to the triggered rules:
- ‘action‘: one of "revised_prompt" (user changed their prompt), "acknowledged" (user proceeded anyway),
"dismissed" (user ignored the warning), or "pending" (not yet resolved)
- ‘revised_prompt‘: the user’s revised prompt, if they chose to revise
- ‘user_comment‘: any explanation the user provided for their decision

What Makes a Good Proposed Rule

A good proposed rule has ALL of the following properties:

1. More Specific Than Its Parent

The proposed rule narrows the parent rule’s scope to a concrete element in the current notebook: a
specific variable name, column, data source, threshold value, preprocessing step, analysis method, or
authorship pattern. It fires in a strict subset of cases where the parent rule fires.

2. Evaluable at Prompt Time

The rule can be checked by reading a user’s natural language prompt against the notebook IR —
it does NOT require executing code, inspecting runtime output, or accessing external resources. The
trigger condition must be expressible in terms of: (a) keywords/references in the prompt text, (b)
variables/cells/imports in the notebook IR, and (c) authorship metadata.

3. Reduces False Positives or False Negatives

The proposed rule either:
- **Reduces false positives**: The parent rule triggered but the concern was only partially relevant.
The proposed rule would trigger only when the specific, relevant condition holds.
- **Reduces false negatives**: The parent rule almost captured an issue but missed it because its
trigger condition was too broad or too narrow. The proposed rule fills the gap.
4. Captures a Team Convention or Decision

The best proposed rules codify implicit knowledge that was revealed during the triggering event: a
naming convention, a preferred method, a data dependency, a threshold rationale, or a workflow ordering
that the team has adopted but not formalized.
5. Durable Beyond This Single Notebook

The rule should remain useful across multiple analysis sessions and notebooks, not just for the
current cell edit. Rules that are too specific to a single transient state (e.g., "warn if Cell 7 is
modified") are not useful.
What Makes a BAD Proposed Rule (Anti-Patterns)

Do NOT propose rules that exhibit any of the following:

Anti-Pattern 1: Restating the Parent Rule
If the proposed rule’s trigger condition and description are semantically equivalent to the parent
rule, it adds no value. The proposal must be strictly more specific.

Propose new rules that are MORE SPECIFIC than the ones that triggered. Good candidate rules: -
Narrow a broad rule to a specific variable, column, method, or analysis stage - Capture an implicit
convention revealed by the triggering context (e.g., a specific encoding scheme, a normalization step,
a column dependency) - Address a gap where the triggered rule was relevant but didn’t quite cover the
exact issue - Codify a decision that was made in resolving the current conflict

Each proposed rule should include: - name: short, descriptive rule name - trigger_condition:
natural language description of WHEN this rule should activate - description: what the rule enforces
and why it matters for collaboration - severity: one of "info", "warning", "error" - derived_from: the
rule_id of the parent rule that inspired this proposal

Design rules that are actionable at prompt time — they should be evaluable by reading a user’s
prompt against the notebook state, not by inspecting code output after execution.

If the triggered rules and context do not suggest useful new rules, return an empty array. Do
not propose rules for the sake of proposing them.

Respond in JSON format.
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