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Abstract
Research problem formulation is an important activity in Software
Engineering (SE), as poorly formulated and weakly contextualized
problems may reduce the practical relevance of research outcomes.
Lean Research Inception (LRI) has been proposed as a structured
approach to support problem formulation through collaborative
alignment with researchers and practitioners. However, applying
LRI often relies on manual activities and workshop-based inter-
actions, which may introduce cognitive effort and limit iterative
refinement. To address this challenge, this paper presents LRI Co-
Assistant, an AI-assisted tool designed to support the formulation
of practically relevant research problems in SE. LRI Co-Assistant
operationalizes LRI in an interactive environment by integrating
Large Language Models (LLMs) as a reasoning partner to assist in
structuring problem attributes, suggesting refinements, identifying
gaps, and supporting consistency throughout the formulation pro-
cess.We demonstrate the tool using a realistic scenario derived from
an industry-related research problem. The demonstration shows
that LRI Co-Assistant can support a clearer, more consistent, and
practice-oriented problem formulation while reducing cognitive
effort and promoting critical reflection within the structured LRI
workflow. A short video showing LRI Co-Assistant is available at
https://doi.org/10.5281/zenodo.21385837.
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1 Introduction
Achieving practical relevance in Software Engineering (SE) research
often begins with how the research problem is conceived [17]. How-
ever, many studies still exhibit limitations at this starting point,
reflecting a recurring gap between academic investigation and in-
dustry demands [3, 4, 23]. This misalignment is frequently linked
to a lack of clarity, poor contextualization, and a weak connection
to real-world scenarios during problem formulation [4]. Although
various initiatives have sought to address this challenge through
collaborative approaches and industry-relevant frameworks [7, 10,
14, 18], support for researchers remains insufficient at the very stage
where fundamental decisions are made: the problem formulation.

This raises a fundamental question: ”How can we more effec-
tively support researchers in formulating research problems that are
both scientifically sound and practically relevant?" To address this
challenge, Lean Research Inception (LRI) [16] was introduced as
a collaborative framework designed to guide the formulation and
initial assessment of research problems with a focus on practi-
cal relevance. LRI is grounded in principles from Design Think-
ing [19], Lean Startup [20], and Lean Inception [2], emphasizing
iterative refinement, stakeholder alignment, and contextual under-
standing. However, these approaches are traditionally based on
manual, workshop-driven activities that depend on active facil-
itation and physical visual artifacts, such as canvases. This can
lead to high cognitive load, limited scalability, and difficulties in
maintaining consistency or reusing generated knowledge.

Simultaneously, recent advances in Artificial Intelligence (AI),
specifically Large Language Models (LLMs), for example LLM-
Assisted Empirical Software Engineering [6] and AI agents, such
as Google’s AI Co-Scientist [8], open new opportunities to support
complex cognitive tasks. These technologies have demonstrated
significant potential in supporting knowledge synthesis, contextual
reasoning, and decision-making, making them promising candi-
dates for strengthening early-stage research activities.

Motivated by this opportunity and the vision presented by Pereira
et al. [15], this paper presents an AI-assisted tool, called LRI Co-
Assistant, designed to support the formulation of practically rele-
vant research problems in SE. LRI Co-Assistant operationalizes the
LRI framework within an interactive digital environment, utiliz-
ing an AI reasoning partner grounded on Lean Research Inception.
Rather than replacing researchers or practitioners, LRI Co-Assistant
aims to augment their analytical and reflective capabilities. Specif-
ically, it provides intelligent support for structuring problem at-
tributes, suggesting refinements, and assisting in the initial assess-
ment of research problems regarding their value, feasibility, and
applicability.

Unlike general-purpose AI assistants that primarily support
writing or ideation, LRI Co-Assistant operationalizes a structured,
evidence-based framework for research problem formulation, guid-
ing researchers through the complete LRI workflow.

The contributions of this work are threefold. First, the Design and
Implementation: we present an AI reasoning partner specifically
engineered to support research problem formulation in Software
Engineering. Second, the Operationalization: we operationalize
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the LRI framework through an interactive and intelligent envi-
ronment, extending its applicability beyond manual contexts. Fi-
nally, the Demonstration and Analysis: we demonstrate the LRI
Co-Assistant in a realistic scenario and discuss its potential benefits,
limitations, and future directions, contributing to the advancement
of AI-supported approaches for early-stage research activities.

2 Background and Related Work
The search for greater practical relevance in Software Engineering
(SE) has been extensively discussed in the literature, highlighting
the critical need to align research problemswith real-world industry
contexts [3, 4, 5, 23]. In this scenario, the problem formulation stage
plays a central role, as it can directly influence the applicability
and impact of the research outcomes. Lean Research Inception
(LRI) was proposed as a framework to support this early stage [16].
LRI organizes problem formulation through the Problem Vision
board, which consists of seven attributes: practical problem, context,
implications/impacts, stakeholders, evidence, objectives, and research
questions [17]. Furthermore, LRI incorporates a semantic differential
scale for the assessment of the problem in terms of value, feasibility,
and applicability [16].

LRI was designed to be applied directly by researchers through
collaborative workshops involving practitioners with relevant do-
main expertise aligned with the researcher’s interests. Despite its
benefits, applying LRI can present challenges for participants, such
as the cognitive effort required to fill in the attributes, the need
for specialized mediation during workshops, and the difficulty of
exploring multiple perspectives on the problem being formulated.
In this sense, the integration of Artificial Intelligence, particularly
through Large Language Models (LLMs), emerges as a promising
opportunity to reduce manual effort and support critical reflection,
thereby enriching the research problem formulation process. Recent
evidence from Empirical Software Engineering suggests that LLMs
have already been successfully applied to support research-related
activities, particularly in data processing, analysis, and automation-
oriented tasks, demonstrating potential to improve efficiency and
scalability while augmenting human activities rather than replacing
researchers [6]. These findings suggest that LLMs can also provide
valuable support in early-stage research activities, such as research
problem formulation.

Canvas-based approaches, Design Thinking frameworks, and
agile methodologies have long advocated for tools to support early
SE activities, such as requirements elicitation, project discovery,
and ideation [13]. More recently, tools integrating LLMs have been
proposed to support tasks like discovering disruptive innovations
in SE and defining problems in AI innovation projects [13, 21].
These proposals demonstrate benefits such as improved concep-
tual understanding, the generation of contextual suggestions, and
enhanced collaboration among stakeholders. However, existing ap-
proaches are not tailored for formulating research problems, do not
incorporate structured mechanisms for evaluating practical rele-
vance, and are not integrated into frameworks like Lean Research
Inception. Thus, this work distinguishes itself by proposing a tool,
called LRI Co-Assistant, that combines a structured approach [16]
with AI-based support, specifically focused on formulating research
problems with practical relevance.

3 LRI Co-Assistant Overview
3.1 Design Rationale
The LRI Co-Assistant was designed to operationalize Lean Research
Inception within an interactive digital environment, incorporating
support based on AI. Its main motivation is to transform the process
of research problem formulation into a more structured activity, less
dependent on manual effort, and richer in terms of reflection and
collaboration. The tool adopts the vision of integrating LLMs as a
reasoning partner, capable of supporting the researcher throughout
the different stages of the process.

3.2 Tool Features
LRI Co-Assistant provides a set of features designed to support
researchers throughout the complete Lean Research Inception (LRI)
workflow, combining structured guidance with AI-assisted support.
The functionalities are organized to reduce cognitive effort, pro-
mote reflection, and facilitate the formulation of research problems
aligned with practical needs.

Project Creation and Management: researchers can create
and manage multiple projects within the platform. Each project
stores metadata (e.g., title, creation date, participants, and current
phase) and preserves the complete evolution history throughout
the LRI process.

Assisted Completion of Problem Vision Attributes: the tool
supports the completion of the seven attributes of the Problem
Vision board (practical problem, context, implications/impacts, stake-
holders, evidence, objectives, and research questions). Users may man-
ually provide content or receive AI-generated suggestions based
on partial descriptions.

Structured AI Reasoning Support: LRI Co-Assistant leverages
LLMs as a reasoning partner to generate structured suggestions,
identify inconsistencies, enrich contextual understanding, and sup-
port reflective problem refinement. Suggestions can be accepted,
edited, or discarded, preserving the researcher’s central role in
decision-making.

Iterative Problem Evolution and Versioning: all modifica-
tions performed during the formulation process are stored, allowing
users to revisit previous versions, compare refinements, and track
the evolution of the research problem over time.

CollaborativeWorkshop Support: researchers can invite prac-
titioners to participate in collaborative workshops through automat-
ically generated access links. Participants can review and discuss
problem attributes without requiring a registered account, facilitat-
ing engagement with industry stakeholders.

Research Problem Assessment Support: the tool supports
the evaluation of research problems using the LRI semantic dif-
ferential scale, based on the dimensions of Value, Feasibility, and
Applicability. Participants can provide quantitative assessments and
complementary observations.

Decision Support for Go/Pivot/Abort: based on participant
assessments and workshop discussions, the tool consolidates infor-
mation to support decision-making regarding whether the research
problem should proceed, be reformulated, or be discontinued.

Export and Reporting: LRI Co-Assistant generates a consoli-
dated report containing the formulated research problem, partici-
pant assessments, workshop contributions, and decision outcomes.
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This artifact can support research protocols, empirical studies, and
future collaborative activities.

These features transform LRI from a predominantly manual
and workshop-driven activity into a structured and AI-augmented
process, enabling researchers to formulate clearer, more consistent,
and practically relevant research problems.

3.3 Architecture
The architecture of the LRI Co-Assistant, illustrated in Figure 1,
follows a modular model based on distributed services, designed
to ensure scalability, responsiveness, and efficient integration with
Artificial Intelligence (AI) components. The solution adopts a de-
coupled full-stack approach, enabling independent evolution of
modules and flexibility in integrating with different AI providers.

Figure 1: LRI Co-Assistant Architecture

Frontend: implemented as a modern web application (Vercel),
the frontend is responsible for the interactive user interface. It
enables the structured completion of the seven attributes of the
Problem Vision board, as well as the visualization of AI-generated
suggestions. The interface is event-driven and communicates with
the backend through asynchronous HTTP requests, an architec-
tural decision adopted to preserve interface responsiveness during
potentially time, consuming operations, such as LLM calls. This
allows users to continue interacting with the tool while suggestions
are processed and delivered progressively.

Backend: hosted on the Render platform, the backend acts as
the orchestration layer of the application. It manages business
logic, session control, data persistence, and integration with the AI
module. In addition, it coordinates the execution flow of interactions
with the AI, including prompt construction, request handling, and
response post-processing, aligned with the different phases of LRI.

AI Reasoning Module: the AI module constitutes the cognitive
core of the tool, acting as a reasoning partner throughout the en-
tire problem formulation process (currently GPT 4.1 mini via API).
Rather than merely generating content, the module is designed to
leverage Large Language Models (LLMs) to support activities such
as structuring information, identifying gaps, suggesting multiple
perspectives, and refining the internal consistency of the problem.
This support is provided in a continuous and contextualized man-
ner, adapting to the current state of the artifact and the active LRI

phase, enabling richer interactions aligned with the knowledge
construction process.

Database: the persistence layer uses PostgreSQL, hosted on the
Neon platform. The database stores research problems, attribute
versions, AI interactions, and refinement history, enabling trace-
ability and incremental evolution of the artifacts. This structure
allows revisiting decisions, comparing versions, and supporting the
iterative and reflective nature of the approach.

3.3.1 AI Processing Pipeline. The operation of the AI module fol-
lows a structured, context-aware, and iterative pipeline. It incorpo-
rates previously generated artifacts and user interactions to refine
results over time, and is composed of the following stages:

Input: the user provides initial information, such as partial de-
scriptions of the Problem Vision board attributes.

Prompt Construction: the backend builds structured prompts
based on predefined templates and the context provided by the
user.

LLM Invocation: the prompt is sent to the language model,
which generates suggestions, refinements, or critical analyses.

Post-processing: the model’s response is processed to ensure
consistency, structure, and alignment with the format expected by
the tool.

Output Delivery: the results are presented to the user through
the interface and can be accepted, edited, or discarded, reinforcing
the user’s role as the central agent in the decision-making process.

This pipeline enables the decoupling of business logic from con-
tent generation, facilitating system maintenance and evolution.

3.3.2 Prompting Strategy. The LRI Co-Assistant adopts a hybrid
prompting strategy, combining:

• Structured templates: prompts based on the seven attributes
of the Problem Vision board, ensuring consistency in content
generation;

• Few-shot prompting: predefined examples are used to
guide the model toward generating responses more aligned
with the Software Engineering domain;

• System prompts: high-level instructions are used to posi-
tion the model as a “reasoning partner”, emphasizing clarity,
critical thinking, and alignment with practical relevance;

• Context injection: user-provided information and interac-
tion history are incorporated into the prompt to maintain
coherence throughout the process.

This hybrid prompting strategy reduces generic responses, pre-
serves consistency across Problem Vision attributes, and enables
context-aware reasoning throughout the formulation process.

3.3.3 Output Representation. The outputs generated by the AI
module are structured according to the task being performed and
mainly include organized descriptions for the Problem Vision board
attributes as well as alternative suggestions for refining specific
attributes or the formulated research problem. This output diversity
provides flexibility in user interaction and supports a more iterative
and reflective formulation process.
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3.3.4 Technical Limitations. Despite its benefits, integrating LLMs
introduces some limitations. Response generation depends on ex-
ternal services, which may introduce latency and affect user experi-
ence. In addition, the quality and availability of functionalities are
dependent on the underlying AI providers and models. As an inher-
ent characteristic of LLMs, generated outputs may vary across dif-
ferent executions, potentially producing inconsistencies or generic
suggestions. Furthermore, despite the use of structured prompts
and contextual information, the model’s internal reasoning process
is not fully deterministic and offers limited controllability. These
limitations are partially mitigated through structured prompting,
iterative refinement, and continuous human validation throughout
the formulation process.

Figure 2: LRI Workflow Supported by LRI Co-Assistant

The LRI Co-Assistant’s usage flow is aligned with the five phases
of Lean Research Inception, illustrated in Figure 2: Problem Vision
Outline, Problem Vision Alignment, Research Problem Formulation,
Research Problem Assessment, and Go/Pivot/Abort. Throughout these
phases, the architecture enables continuous support through intel-
ligent suggestions and automated feedback, promoting an iterative
and reflection-oriented process.

4 LRI Co-Assistant Demo
This section presents an illustrative proof-of-concept demonstration
of how LRI Co-Assistant supports the formulation and assessment
of practically relevant research problems through the five phases
of LRI. Beyond illustrating the workflow, we emphasize the techni-
cal role of AI in transforming user inputs into structured outputs.
Across the different phases, AI support follows four operational
steps:

User Input Collection: The user provides partial descriptions,
keywords, or free-text explanations related to the research problem.

Prompt Generation and Context Construction: The backend
dynamically builds prompts using predefined templates aligned
with the seven attributes of the Problem Vision board, enriched
with contextual information and interaction history. LLM-based
Processing: The prompt is submitted to the language model, which
generates structured suggestions, identifies potential gaps, and
proposes refinements.

Validation and Output Processing: Generated content is vali-
dated and reformatted before presentation to users.

Validation mechanisms currently include checking for missing
attributes while preserving the output structure according to the
Problem View attributes. The resulting suggestions are then dis-
played to users, who can accept, modify, or reject them.

4.1 Context
Software Engineering for AI-based systems has been highlighted in
the literature as an area where the gap between industrial practice
and research is particularly evident [11, 12], making this type of
scenario especially representative for demonstrating the tool.

To illustrate the applicability of the LRI Co-Assistant, we use a
real-world research problem [1] derived from a case study, held in
December 2025, in which we applied Lean Research Inception [22].
In this study, the problem was collaboratively discussed in a work-
shop involving a researcher and three professionals with experi-
ence in AI and product-related roles, with the goal of refining it
and assessing its practical relevance. This makes the case suitable
for demonstrating the tool in a realistic scenario, grounded in a
research problem that is effectively relevant to industry.

The selected problem addresses the lack of approaches to evalu-
ate and ensure the functional correctness of Artificial Intelligence
(AI) systems in industrial contexts, particularly when quality stan-
dards such as ISO/IEC 25059 [9] need to be operationalized. In
practice, organizations often rely on point estimates, such as accu-
racy or recall, to assess whether an AI system meets requirements.
However, such estimates may hide uncertainty and mask the actual
risk associated with model behavior. This limitation can lead to
rework, technical debt, high operational costs, and even high failure
rates in AI projects.

The problem also involves multiple stakeholders, including AI
systems engineering specialists, AI engineers, data scientists, Prod-
uct Owners, and Business Owners. Therefore, it represents an appro-
priate example to demonstrate how the LRI Co-Assistant supports
the formulation of research problems that require both technical
grounding and alignment with practical needs.

4.2 Usage Scenario
The demonstration follows the five phases of LRI (Figure 2) and
shows how the LRI Co-Assistant supports the user throughout the
formulation and initial assessment of the research problem.

Phase 1 - Problem Vision Outline: The process begins with
the researcher creating a project and entering an initial problem de-
scription. For example, the researcher provides: “Current industrial
practice evaluates AI systems mainly through point estimates such
as accuracy or recall without considering uncertainty or statistical
confidence”. Based on this input, LRI Co-Assistant dynamically gen-
erates prompts associated with each Problem Vision attribute. For
instance, for the Practical Problem attribute, the generated prompt
follows the structure: “Identify the practical problem described be-
low and explain why it may affect industrial environments: [USER
DESCRIPTION] Focus on Software Engineering contexts and empha-
size practical impacts”. For the Stakeholders attribute: “Based on the
following scenario, identify stakeholders potentially affected by the
problem and explain their roles: [USER DESCRIPTION]”.

After prompt execution, the LLM produces structured outputs
such as: Practical Problem: Lack of robust approaches for as-
sessing functional correctness of AI systems under uncertainty;
Stakeholders: AI Engineers, Machine Learning Engineers, Product
Owners, Business Owners, Data Scientists; and Impacts: Technical
debt, hidden risks, increased operational costs, and rework. Figure
3 illustrates the interface for this step.
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Figure 3: Filling in the attributes of the ProblemVision board.

Based on the suggestions provided, the researcher can incorpo-
rate them, taking the opportunity to refine their problem. At the
end of this stage, the problem serves as the basis for the next phase.
The researcher begins preparing for the collaborative workshop by
inviting practitioners to discuss the problem based on their experi-
ences. This preparation for collaboration is illustrated in Figure 4.

Figure 4: Invitation for Practitioners to collaborate.

Phase 2 - Problem Vision Alignment: In this phase, the re-
searcher conducts a collaborative workshop with practitioners who
have relevant experience in the problem domain. Before the work-
shop begins, invitation links are generated, allowing participants
to access the tool and review the previously structured Problem
Vision board.

Participants collaboratively discuss and refine the seven problem
attributes by contributing their perspectives, experiences, and do-
main knowledge. This process promotes alignment among different
viewpoints and supports the construction of a shared understanding
of the research problem.

In the current version of the LRI Co-Assistant, this phase is
conducted exclusively through human interaction, without direct AI
support, aiming to preserve the natural dynamics of collaboration
and participant autonomy. The outcome of this phase is an aligned
and refined Problem Vision board, which serves as the foundation
for the research problem formulation stage.

Phase 3 - Research Problem Formulation: Once the work-
shop discussion concludes, LRI Co-Assistant performs a holistic
analysis of the collected attributes. At this stage, AI support goes
beyond text generation and performs consistency-oriented refine-
ment. Examples include: detecting objectives without correspond-
ing research questions; identifying duplicated research questions;

identifying ambiguous terms; suggesting stronger relationships
between practical problems and expected impacts; proposing alter-
native formulations.

For example, the initial research question: “How canAI correctness
be improved?” may be refined into: “How can statistical confidence
mechanisms support the evaluation of functional correctness in AI
systems operating under industrial quality standards?” This refine-
ment improves specificity, contextual grounding, and alignment
with the research objectives. Figure 5 illustrates the consolidation
of the research problem.

Figure 5: Formulated Research Problem.

Phase 4 - Research Problem Assessment: In this phase, the
formulated research problem is evaluated in terms of its practical
relevance using the LRI semantic differential scale, based on the cri-
teria: Value, Feasibility, and Applicability. Each participant performs
the evaluation individually, assigning scores on a seven-point scale,
which allows capturing different perceptions regarding the prob-
lem’s potential in real-world contexts. Additionally, participants
may use an observation field to provide comments or justifications
that complement their evaluation.

Figure 6 presents the evaluation process of the research problem.

Figure 6: Evaluation of the Formulated Research Problems

In the current version, the evaluation process is conducted with-
out AI support. This decision keeps the assessment centered on
participants’ perceptions, avoiding biases introduced by automated
suggestions. As future work, we intend to incorporate AI-based
mechanisms to support participants in this stage by providing jus-
tified evaluations and multiple perspectives, aiming to stimulate
more critical, consistent, and well-grounded reflection.

Phase 5 - Go/Pivot/Abort Decision: After collecting partici-
pant assessments, the system automatically aggregates responses
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and generates a summary report. The report includes: consolidated
Problem Vision attributes; median scores for Value, Feasibility, and
Applicability; participant observations; AI-generated synthesis of
discussion points; and suggested decision rationale. For example,
Decision suggestion: GO; Reasoning: High perceived practical
value among stakeholders and strong alignment between identified
industrial challenges and research objectives. The final decision
remains under researcher control. Figure 7 illustrates the group
decision in this scenario.

Figure 7: Phase 5 - Group Decision

The LRI Co-Assistant allows exporting the final artifact for use
in research protocols, empirical studies, and future collaborative
workshops. At the end of the process, the researcher obtains a
structured, refined, and evaluated research problem. Compared to
the initial unstructured description [16], the resulting formulation
makes explicit key elements such as context, stakeholders, evidence,
impacts, objectives, and research questions. This demonstration
indicates that LRI Co-Assistant can extend the Lean Research Incep-
tion workflow through AI support, helping reduce cognitive effort,
improve clarity, and prepare research problems for collaborative
refinement and practical relevance assessment.

4.3 Demonstration Results and Implications
The demonstration illustrates how LRI Co-Assistant supports the
transformation of an initially problem description into a more struc-
tured and practice-oriented research problem. Throughout the LRI
phases, the tool contributed to three main outcomes.

First, the tool supported the structuring of problem attributes.
Starting from a free-text problem description, AI-generated sug-
gestions helped make explicit key elements of the Problem Vision
board, including the practical problem, context, stakeholders, evi-
dence, implications/impacts, objectives, and research questions.

Second, the tool enabled iterative refinement and consistency
improvement. During the formulation process, AI support helped
identify missing information, suggest alternative formulations, and
strengthen relationships among problem elements. In the presented
scenario, this resulted in research questions that were more spe-
cific, contextualized, and aligned with the identified objectives and
industrial needs.

Third, the tool facilitated preparation for communication
and assessment. By organizing information into a structured rep-
resentation, the resulting artifact supported collaborative discussion
among participants and enabled assessment using the LRI semantic
differential scale.

The demonstration also highlights practical implications of in-
tegrating AI into research problem formulation activities. Rather
than acting only as a content generator, LRI Co-Assistant operates
as a reasoning partner capable of supporting reflection, reducing
manual effort, and improving problem clarity while preserving the
researcher as the central decision-maker.

Although the demonstration provides evidence of the feasibility
and potential usefulness of the approach, some limitations should
be considered. The quality of generated suggestions depends on
the underlying language model and may introduce variability or
generic outputs. Additionally, AI support still relies on iterative
interaction and does not replace human judgment. Future work
includes empirical evaluations with researchers and practitioners
to better understand the tool’s impact in real-world contexts.

5 Conclusion and Future Work
This paper presented LRI Co-Assistant, an AI reasoning partner
designed to support the formulation of practically relevant research
problems in Software Engineering. The tool operationalizes Lean
Research Inception (LRI) in an interactive environment by com-
bining structured guidance with AI-based support throughout the
problem formulation process. LRI Co-Assistant extends traditional
workshop-based activities by supporting the completion and refine-
ment of Problem Vision attributes, enabling collaborative interac-
tions among stakeholders, and assisting in the initial assessment of
research problems through the LRI criteria of value, feasibility, and
applicability. The presented demonstration showed how the tool
can support the transition from an initially unstructured problem
description to a more structured, refined, and practice-oriented
research problem.

The proposed approach explores AI beyond content generation,
positioning it as a reasoning partner capable of supporting reflec-
tion, identifying gaps, and improving consistency during early-
stage research activities while preserving the researcher as the
central decision-maker. Future work includes conducting empiri-
cal evaluations with researchers and practitioners to investigate
usability, perceived usefulness, and impact on research problem
quality. We also intend to explore multi-agent architectures, im-
prove the explainability of AI-generated suggestions, and extend
the tool with additional mechanisms to support collaboration and
decision-making throughout the LRI process.

Artifact Availability
The artifact package is available on https://doi.org/10.5281/zeno
do.21385837. The source code is licensed under MIT, while the
remaining materials use CC BY 4.0. An online demo is available
at https://lri-tool.vercel.app using researcher@example.com /
researcher123.
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