This preprint is a preliminary version. The final version will be published at SQA4AI 2026.

An LLM-based Approach for Automatic ML
Prototype Review

1%t Selin Coban

2" Miguel Perez

37 Cagatay Akpinar

Research Group Software Construction Research Group Software Construction Research Group Software Construction

RWTH Aachen University
Aachen, Germany
coban@swc.rwth-aachen.de

4" Baran Tanriverdi
Research Group Software Construction
RWTH Aachen University
Aachen, Germany
baran.tanriverdi @rwth-aachen.de

Abstract—When developing machine learning (ML) solutions,
it is crucial to build prototypes that demonstrate the solution’s
technical feasibility and potential value. These ML prototypes are
typically Jupyter notebooks. However, manually reviewing ML
prototypes is time-consuming and can lead to relevant qualities
being overlooked from diverse stakeholders’ perspectives.

This paper introduces an innovative approach that uses LLMs
to automate the ML prototype review process, thereby improv-
ing quality and stakeholder awareness. Through a systematic
literature review, we identified key quality characteristics and
information needs. The result is an ML prototype review catalog
containing a quality model, a list of information needs, and
stakeholder personas.

We present PROTO-CHECK, a JupyterLab extension that
implements our LLM-based review process. Evaluation results
demonstrate high usefulness and usability, as well as heightened
developer awareness of stakeholder qualities and needs.

Index Terms—Machine Learning, Jupyter Notebook, Software
Quality, LLM

I. INTRODUCTION

In the development of Machine Learning (ML) solutions,
product-related development activities are often delayed until a
prototype is built, demonstrating both the technical feasibility
and the solution’s potential value. These prototypes, which
we refer to as ML prototypes, are typically developed rapidly
through experiments with different ML models and are often
implemented in Jupyter notebooks, enabling interactive exper-
imentation and rapid iteration.

ML prototypes are developed in a highly interdisciplinary
context, where go/no-go decisions on further product devel-
opment involve input from both technical and non-technical
stakeholders, including business and domain experts. Con-
sidering these diverse perspectives is crucial, as the quality
of an ML prototype directly affects decision-making: poorly
structured or undocumented prototypes may embed hidden
assumptions, hinder reproducibility, and limit reusability [1]-
(4]
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When developing software, we have been using tools for
many years to review and evaluate code and identify tech-
nical weaknesses (technical debt) early. However, additional
qualities must be considered for ML prototypes, including
transparency and the ability to communicate results effectively
to various stakeholders.

Manual reviews of ML prototypes, however, can be time-
consuming and may impede adoption among developers. Fur-
ther, there is often a lack of awareness for relevant qualities
and stakeholder concerns to consider [5]. To conduct such
reviews in a targeted and efficient manner, they need to be
automated. In this paper, we present a novel LLM-based
approach to automate the review of ML prototypes, as LLMs
are also employed in automatic code reviews.

II. RESEARCH GOALS AND DESIGN

To develop an LLM-based approach for ML prototype
review, the following research questions must be answered:

RQ1: What quality characteristics of and information about
an ML prototype are relevant from the stakeholders’
perspectives?

How can identified quality characteristics and stake-
holders’ information needs be used operationally to
review ML prototypes?

How can reviews of ML prototypes be carried out
automatically and effectively using LLMs?

RQ2:

RQ3:

To answer these questions, we organized our research and
this paper according to the Design Science Research method
[6]], defining the following stages:

1) Problem Identification & Motivation: see Section

2) Design & Development: We identified relevant quality
characteristics and stakeholders’ information needs, apply-
ing an SLR and a code-based analysis. We compiled the
results into an ML prototype review catalog (Section [[V)
and developed a LLM-based review process (Section [V).
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Fig. 1: Steps of the SLR and coding-based analysis and their
relation to the review catalog

3) Demonstration: We developed the JupyterLab extension
PROTO-CHECK implementing this review process (Section
VI).

4) Evaluation: We conducted a case study to evaluate the
usefulness and usability of PROTO-CHECK (Section [VII).

5) Communication: This paper presents our research pro-
cess, design decisions, and results. All associated artifacts,
including the implementation, evaluation artifacts and a
demonstration video, are made publicly available [[7].

III. QUALITIES OF AND INFORMATION NEEDS

To answer research question RQI, which asks for the
relevant quality characteristics of ML prototypes and the
stakeholders’ information needs, we conducted a systematic
literature review (SLR). Detailed information on the SLR,
including the queries, databases, and exclusion criteria used,
is available on Zenodo [7]]. Finally, the SLR led to 46 papers,
which we analyzed. By applying open and subsequently axial
coding [8] on these papers, relevant concepts related to re-
search question RQ1 were identified, extracted, and grouped
into three categories:

1) General quality characteristics of ML prototypes.

2) General information about the development of the ML
prototype that should be documented or made available.

3) Stakeholder-specific views on quality characteristics or
information, which are shaped by their roles and respon-
sibilities.

Our approach to SLR and coding-based analysis is shown
in the upper part of Figure [T} The findings achieved served as
the basis for developing usable artifacts to support the review
of ML prototypes. As a result, we answer research question
RQ2 by proposing an ML prototype review catalog consisting
of three elements:

1) An ML prototype quality model organizing the identified
quality characteristics (MLP-QM).

2) A list of information needs, i.e., information required about
an ML prototype.

3) Stakeholder personas. Each stakeholder persona captures
stakeholder-specific quality characteristics and information
needs.

Changeability
Reproducibility
Code Quality
Productionizability

Implementation

Reusability

Documentation Quality
ML g:c;tlicityype Transparency
Understandability
Security and Privacy
Responsibility Fairness
Societal and Ethical
Risk Mitigation
Fig. 2: Structure of the MLP-QM

The lower part of Figure [T] shows how the results of the
coding-based analysis were incorporated into the elements of
the review catalog.

IV. REVIEW CATALOG

In the following, we present the elements of the review
catalog.

A. ML Prototype Quality Model

According to ISO/IEC 25000:2014 [9]], a quality model
defines a set of quality characteristics and their relationships,
providing a framework for specifying quality requirements and
evaluating quality. Like most quality models in software engi-
neering, the MLP-QM is structured hierarchically (see Figure
@. The ISO/IEC catalogs 25010:2023 [10] and 25059:2023
[11]] were used to select and define terms for identified quality
characteristics. Deviations or distinctions from established
terms are discussed in the following.

MLP-QM groups the 11 identified quality characteristics
into the quality aspects Implementation, Communication, and
Responsibility (all publications that mention the characteristic
as relevant are listed in parentheses).

Implementation: Groups quality characteristics that affect
the effectiveness and efficiency of implementation activities.
Changeability [12]-]16] refers to how easily the ML prototype
can be modified or extended, for example, to accommo-
date new features or experiments. We decided against using
the term “modifiability” (ISO 25010) because it focuses on
whether changes introduce new defects or degrade product
quality. Reproducibility 2], [3]], [17], [18] captures the de-
gree to which results can be reliably re-executed, ensuring
consistent outcomes under the same conditions. Code Quality
[12]-[14], [[17], [19] concerns the structure and clarity of the
implementation, including practices such as modularization
and coding guidelines. Productionizability [17] concerns how
easily an ML prototype can be integrated into and deployed in
a production environment, including dependency management
and model persistence. We decided against using the terms
“adaptability” or “installability” (ISO 25010) because they
do not capture the effort required to transform or rebuild
the ML prototype into a state suitable for integration into
a production environment. Reusability [2|, [[14] denotes how
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easily notebook artifacts, particularly code, can be applied in
new contexts, which is influenced by the abstraction level and
the use of clear name spaces.

Communication: Focuses on how effectively the ML pro-
totype conveys its design, purpose, and functioning to different
stakeholders. Documentation Quality |2, [4], [[20] assesses the
completeness and writing style of accompanying explanations.
Transparency [4]], [20]-[28]] denotes how clearly the assump-
tions, design decisions and limitations are explained within
the ML prototype. Understandability [12], [[13[], [16], [22],
[23], [26]], [29]-[32] reflects whether the ML prototype can be
comprehended by diverse stakeholders such as data scientists,
software engineers, domain experts, or project managers.

Responsibility: Addresses responsible and trustworthy de-
velopment practices. Security and Privacy [16]], [26], [27],
[32], [33] evaluates the protection of sensitive information,
including data handling and access control. Fairness [22], [24],
[26]], [32], [34] concerns potential biases in the data or model
behavior that may disadvantage specific groups. Legal and
Ethical Compliance [15], [16], [20], [23]I, [251-127], [34]-
[37] refers to the alignment with relevant legal frameworks,
organizational policies, and ethical guidelines to ensure that
the solution can be deployed responsibly.

As with other quality models, the quality characteristics of
the MLP-QM are not independent. For example, changeability
and code quality influence each other, but are interrelated.
However, each quality characteristic contributes to evaluating
ML prototypes from different perspectives.

B. ML Prototype Information Needs

Table [l lists essential information needs of stakeholders
involved in prototyping. Respective information should be
available so that ML prototypes can be understood, evaluated,
and adapted. We have identified four categories of information
needs: Operation, Data, Model, and Limitations.

TABLE I: Categories of Stakeholders’ Information Needs

Category

Sources

L1501, [201, [25], 127], 28], [38]

Information on

Operation  Installation Regs.

Intended Use

Data Preprocessing Steps 1250127, 133], [35], [38]-[40]

Dataset

Model Model Type 1250, 28], 1331, 1350, [38]
Evaluation Method
Evaluation Summary

Limit. Out-of-Scope Use 124], [27], [38]

Drawbacks

Operation: Contains information necessary to operate an
ML prototype. Installation Requirements specify, for exam-
ple, the software environment, libraries, and dependencies.
Intended Use explains the target application domain and
expected inputs and outputs.

Data: Contains information on essential aspects of the data
used. Dataset refers to the origin, composition, and charac-
teristics of the data used to develop the ML model, including
size, structure, and any relevant metadata. Data Processing
Steps describe the transformations applied to the data before
model training, such as cleaning, filtering, normalization,

feature extraction, or augmentation. Providing clear, structured
information about data ensures reproducibility and supports
critical assessment of the ML model’s behavior.

Model: Contains information on the developed ML model.
Model Type refers to the underlying algorithm or architecture,
including hyperparameters or relevant configurations. Eval-
uation Method details how the ML model performance is
evaluated, including metrics, evaluation approach, and datasets
used. Evaluation Summary presents the key results of this
evaluation, enabling others to understand and interpret the ML
model’s performance.

Limitations: Contains information on the boundaries of the
ML solution. Out-of-Scope Use Cases are scenarios in which
the model should not be applied or where its reliability cannot
be guaranteed. Drawbacks capture known weaknesses, such
as performance issues or data constraints. Making limitations
explicit supports responsible use, helps prevent misuse, and
guides future development.

C. ML Prototype Stakeholder Persona

Our SLR analysis clearly revealed that not all quality
characteristics or information needs are relevant to every
stakeholder. Furthermore, specific quality characteristics, such
as explainability, are interpreted differently across stakeholders
[30]. Therefore, they are neither generalizable nor included in
the MLP-QM. To address stakeholder-specific views on quality
characteristics or information needs, we introduce the concept
of stakeholder personas. The concept of a persona is not new
and has been applied in a wide range of contexts. Shen et
al. explored the use of persona cards, concise descriptions
of stakeholder-specific interests and needs during ML system
development [41]]. Their findings align with those of Liu et al.,
who found that engaging with multiple Al-simulated expert
personas increased the perceived creativity of research ideas
and promoted critical thinking, without increasing perceived
cognitive load [42].

One possible approach to involving stakeholder personas in
the review of ML prototypes is to assign stakeholder roles
to the corresponding quality characteristics and information
needs based on the SLR findings. However, this approach
poses two significant challenges. First, role definitions vary
considerably across studies, and team composition in practice
often differs from the roles synthesized in research. Sec-
ond, the available literature on stakeholder-specific quality
characteristics and information needs remains limited and
incomplete.

As we aim for an LLM-based review approach, we use
an LLM to derive a stakeholder persona from a stakeholder
profile, which includes the role name and a brief description
of the associated tasks and needs. The role name enables the
LLM to estimate technical expertise; the tasks help understand
how stakeholders interact with the ML prototype; and the
needs section specifies further requirements.

V. THE LLM-BASED REVIEW PROCESS

Figure [] depicts the LLM-based review process, including
two tools: the reviewer and the LLM. The reviewer takes a
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Prompt for review of implementation qualities:

You are an expert in evaluating the implementation of Jupyter Noteboooks.

You will be given a Jupyter Notebook which has been pre-processed and depicts a Machine Learning

prototype. [...] You need to evaluate the implementation quality of the notebook based on the following

criteria:

1. Changeability. Can the notebook be easily modified for different datasets or analyses?

2. Reproducibifity. Can the results be easily reproduced by others?

3. Code Quality: Does the notebook follow best practices?

4. Productionizabifity. Can the notebook be deployed into production environments with minimal
effort?

5. Reusability. Can the notebook and its code be easily reused?

In each of the explanations, state what was good and what was bad about the notebook regarding the

specific criterion. Do not offer to fix the issues by yourself. Just point them out.

Prompt for review of information needs regarding the model:

You are an expert in evaluating Jupyter Notebooks regarding documentation of the given information
needs. You will be given a Jupyter Notebook which depicts a Machine Learning Prototype. You need to
evaluate if the given information needs are documented in the notebook. Documentation can be in
code comments or markdown cells.

1. Mode! Type: Is the type of model used clearly specified?

2. Evaluation Method: 1s the evaluation method for the model clearly described?

3. Evaluation Summary: Are the results of the model clearly explained?

In each of the explanations, state what was good about the description, if it exists, or what
documentation was missing.

Prompt template for review of stakeholder persona:
You are a {role} that evaluates a Jupyter Notebook. You will be given a Jupyter Notebook which has
been pre-processed and depicts a Machine Learning prototype. [...]
You need to evaluate the notebook from your perspective, according to your role as a {role}. You are
not allowed to deviate from your role.
In each of the explanations, state what was good and what was bad about the notebook according to
your role. Focus only on aspects that are relevant for your particular role.
Your tasks in the project are: {task}. Your additional needs are: {needs}.

Fig. 3: Prompt excerpts for the elements of the review catalog

notebook and stakeholder profiles as input. Each stakeholder
profile is incorporated into a predefined stakeholder persona
prompt. For each information needs category, a respective
information need prompt is predefined, and for each MLP-
QM quality aspect, a corresponding quality model prompt is
predefined to guide the review. Before querying the LLM,
the reviewer preprocesses the notebook to minimize token
usage. The LLM then receives the set of prompts and the
preprocessed notebook and produces a review report that
summarizes the review results across all targeted aspects.
Finally, the reviewer presents the report through an interactive,
user-friendly dashboard.

The quality of the prompts entered into LLMs is crucial.
Therefore, we iteratively developed prompts for the three ele-
ments of the reviews catalog in experiments, with a particular
focus on improving the reproducibility and consistency of
the review report. Excerpts from the prompts are provided in
Figure [3] For stakeholder personas, we developed a template
prompt; the placeholders will be replaced with the information
from a stakeholder profile.

Each prompt further specifies the expected structure and
format of the LLM’s output (details omitted in the shown
excerpts). For each review aspect, the LLM must provide a
rating on the commonly used Likert scale {——,—,0,+,++}
and an explanation, along with references to specific notebook
cells, if applicable. The meaning of each rating is explained
in Table [

VI. PROTO-CHECK

To demonstrate the application of the LLM-based review
approach on ML prototypes, we developed the JupyterLab
extension PROTO-CHECK with access to OpenAl GPT-4.1-
mini. During notebook development, users can trigger a review
via a button or add stakeholder profiles, which can be saved
and reused in other notebooks, in a dedicated input dialog.

C)9 USER INPUT Reviewer Review
Stakeholder Dashboard
Profile
Notebook
QUERY CONTEXT )
- Review Report
Information Needs
Prompts 3
P P x
38
. Stakeholder =
Art|fact Persona Prompts | | & 8
o Z
Quality-Model O
Tool Prompts

Fig. 4: LLM-based review process

The LLM-generated review report is presented in a review
dashboard.

This dashboard, depicted in Figure [3] is structured as fol-
lows. The first row displays an evaluation summary. It includes
a total score (the aggregation of the individual ratings), the
number of positive, neutral, and negative ratings, and a legend.
This gives users a general impression of the notebook’s quality.

Below, the review results are listed in the following order:
personas, quality model, and information needs. For each item,
a dashboard card displays the corresponding review results.
The card includes the overall score for the reviewed item,
enabling users to quickly identify areas for improvement. After
opening the card, the review results are displayed in groups
by strengths and weaknesses.

VII. EVALUATION

We conducted user experiments to evaluate the LLM-based
review process we developed and the PROTO-CHECK tool. The
evaluation was designed to answer the following questions:

EQ1 How do developers perceive the usefulness of PROTO-
CHECK?

EQ2 How do developers perceive the trustworthiness of the
content produced by the LLM?

EQ3 How do developers rate the usability of PROTO-
CHECK?

In these user experiments, participants used PROTO-CHECK
in a controlled setting to perform a predefined task.

A. Participants

11 participants from our professional and personal networks
took part in the experiments, all of whom had experience with
Python programming in Jupyter notebooks. The participants
included individuals with varying levels of expertise, ranging
from students to experienced practitioners. All participants had
no prior exposure to PROTO-CHECK. Table [l summarizes key
demographic information.

B. Task and Procedure

The experiment task was designed to ensure participants
could use PROTO-CHECK as intended and to examine whether
its use raises awareness of the review catalog’s elements.
The task was divided into five steps: (1) First, participants
were given a sample notebook on sleep quality prediction and
asked to give an initial impression of its quality. (2) Then,
the participants were asked to create an arbitrary stakeholder
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TABLE II: Meanings of the ratings

Rating | Quality | Information

| Stakeholder Persona

is not met or actively violated is absent or misleading

is weak in practice

o
+
++

is mentioned, but unclear or insufficient

is unsatisfied
is poorly satisfied
is neutral

is unevenly or inconsistently met is partially implied or scattered
is mostly met in practice is stated but has minor gaps is partially satisfied
is met strongly and consistently is explicit, easy to find, unambiguous, and sufficiently detailed is fully satisfied
ML Prototype Review Evaluation of Personas
Results for notebook: kerneler_starter-fake-landmarks-c9444d8f-1.ipynb + Expand 3
Lawyer o)
Overall score Counts Legend Strong negative
Strong negative (] Positive sitive Weaknesses:
0 Changeability @) | - The notebook lacks any data loading or processing steps, as it states there are
® ° . — zero CSV files in the dataset (cell 3). Without actual data, there is no
Negative demonstration of data handling, which is critical for assessing compliance with
Strengths: data protection laws such as GDPR or CCPA.
Evaluation of Personas + [Cell 6] The plotting functions are defined with parameters allowing some - There is no mention or evidence of any data privacy measures, consent
customization, which could facilitate modification for different datasets. or data practices. This absence ra\set)
Lawyer 00 : concerns about compliance with legal requirements for handling personal or
Strong negative Weaknesses: " .
~ [Cell 3] The notebook explicitly states there are zero CSV files in the dataset, so Information Needs Evaluations
Evaluation of Qualities no data loading or preprocessing code is present, limiting the ability to adapt the Operational
notebook to other datasets.
Technical Quality - There is no parameterization or modularization for dataset paths or .
preprocessing steps, making it difficult to modify for different analyses. b) Installation Requirements )8
Changeability 1] Code Quality Negative
Negative Neutral Negative Weaknesses:
a - [Cell 0] The notebook imports several libraries such as matplotlib, numpy, d
pandas, and sklearn, which implies some installation requirements. I

Fig. 5: The PROTO-CHECK Review Dashboard (a). Results for each review item are displayed as expandable cards (b) that
list strengths and weaknesses in the corresponding area, e.g. stakeholder persona (c) and information needs (d).

TABLE III: Participant demographics (self-assessed). All have
a background in Computer Science or a related field.

Px Jupyter Notebook Exp. ML Exp. Role Orga. Size
P1  Intermediate Intermediate CTO < 10
P2 Intermediate Intermediate  Student Researcher < 10
P3  Beginner Novice Student Researcher < 10
P4 Beginner Beginner Student N/A
PS5  Intermediate Beginner Student N/A
P6  Intermediate Beginner Test Engineer > 200
P7  Intermediate Intermediate Software Engineer < 10
P8  Intermediate Advanced Al Engineer > 200
P9  Beginner Intermediate CTO < 10
P10 Intermediate Intermediate Data Scientist 51 — 200
P11 Beginner Intermediate Security Analyst 51 — 200

profile. (3) They then used PROTO-CHECK to create the review
dashboard and had time to explore its contents. (4) Next,
each participant selected two issues identified in the review
and improved the corresponding sections of the notebook.
(5) After making these changes, they regenerated the review
dashboard and examined how the reported issues had changed.
(6) Finally, participants were asked to reflect on their initial
personal evaluation of the notebook’s quality.

The experiments followed a three-phase procedure:

1) Introduction: Participants completed a consent and data-
usage form and provided demographic information.

2) Task: Participants performed the assigned task while think-
ing aloud, enabling us to capture their reasoning processes
and their interactions with PROTO-CHECK.

3) Post-task questionnaire: Participants assessed the useful-
ness and usability of the tool, as well as the trustwor-
thiness of the LLM-generated content, by indicating their
agreement with 27 statements on a Likert scale. Example
statements are shown in Table [Vl

The experimental sessions lasted on average 36 minutes,
ranging from 25 to 45 minutes.

TABLE IV: Examples of statements to be evaluated using a
Likert scale expressing the level of agreement.

Usefulness (11 stmts.)
S3 1 would use personas.
S6 The differentiation of strengths and weaknesses was useful.
LLM-Trustworthiness (6 stmts.)
S1 The feedback provided by the LLM was easy to understand.
S2 The feedback provided by the LLM was accurate.
Usability (10 stmts., based on System Usability Scale )
S2 1 found the system unnecessarily complex.
S3 1 thought the system was easy to use.

[ | Strongly Disagree Neither Agree nor [Wistrongly Agree
Usefulness: Disagree Disagree Agree
f1 10 I R
LLM Trustworthiness:
B2 17 40 |

Usability: average SUS Score of 84,3 (A+)

Fig. 6: Questionnaire results (values in %)

C. Data Collection & Analysis

For the qualitative evaluation of the experiments, audio
from all sessions was recorded and transcribed. In addition,
the written feedback provided on the post-task questionnaires
was taken into account. To analyze these data, we conducted
a thematic analysis following an open-coding approach: we
highlighted relevant statements, assigned inductive codes re-
flecting the topic they addressed (e.g., specific PROTO-CHECK
features), and then grouped and summarized all statements
associated with each code to identify recurring themes.

We quantitatively evaluated, using descriptive statistics, the
27 statements included in the post-task questionnaire and the
initial and final impressions of the notebook’s quality, marked
by the participants on a paper dashboard card.
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D. Results

Figure [6] depicts a summary of the responses to the 27
statements on the Likert scale. We counted the frequency of
responses (e.g., how many times participants answered with
totally agree) and converted them into rounded percentages.
The usefulness and LLM trustworthiness statements were
constructed in a positive manner; thus, the level of agreement
indicates a high level of usefulness or LLM trustworthiness.
To get a high-level indication of usability, we compute the
average SUS score (scale of 0-100 with a grading system,
where A corresponds to excellent). These results indicate a
high level of usefulness, LLM-trustworthiness, and usability.

We will discuss the results in more detail below, in combi-
nation with insights from the qualitative data, to answer the
evaluation questions. Similar to PROTO-CHECK, we present
identified strengths and weaknesses.

Usefulness (EQ1). The qualitative data indicate that partici-
pants considered the tool highly useful. Strengths: Participants
particularly valued the inclusion of explicit cell references in
the review explanations. P11, who created a “sleep expert”
persona, noted that personas are highly practical because
they reduce the need for repeated contact with the person
represented by the persona. P11 also stated that they would
reuse personas across projects. Weaknesses: PS5 and P9 stated
that the review criteria should be weighted, as they would not
assign the same weight to each review item card.

LLM Trustworthiness (EQ2). The quantitative data sug-
gest that participants generally trust the LLM. Strengths:
10 out of 11 participants verbally praised the plausibility
and comprehensibility of the LLM-generated review results.
Over multiple reviews, the review report remained largely
consistent. Weaknesses: Regarding the questionnaire state-
ments on the accuracy and specificity of the LLM’s answers,
three participants (strongly) disagreed, expressing concerns
that the feedback can sometimes be inaccurate or overly
generic. Four participants identified minor inconsistencies in
the reproducibility of the review reports. Specifically, some
ratings changed even though the corresponding issues had not
been modified. Two additional participants noted redundancies
in the review item cards, and two other participants noted
variations in the wording of the explanations. Moreover, two
participants expressed uncertainty about evaluating the plausi-
bility of the persona-based review results without consulting
the individual represented by the persona. P8 observed that,
in their experience, LLMs tend to always identify potential
improvements, potentially resulting in an endless feedback
loop in which a “perfect notebook™ can never be achieved.

Usability (EQ3). The calculated average SUS score cor-
responds to an excellent usability [44]. Strengths: Participants
described PROTO-CHECK as clear, visually appealing, and
easy to use. Weaknesses: Participants suggested several addi-
tional Ul improvements, such as providing a textual summary
of the review results at the top of the dashboard and offer-
ing alternative views, for example, a diff view to highlight
differences between successive review reports.

Impact on Quality Awareness. Participants were first
asked to estimate the quality of the notebook and then to
reflect on their assessment after using PROTO-CHECK. Eight
participants reported a more critical view of the notebook’s
quality, adjusting their initial estimates to align with the
PROTO-CHECK ratings. They noted that they had previously
overlooked specific criteria but acknowledged that these cri-
teria do affect the notebook’s overall quality. This effect
could also stem from anchoring bias: participants adopt the
criteria provided by PROTO-CHECK as an anchor and judge
the notebook’s quality relative to it. Three participants initially
gave the same score as PROTO-CHECK.

VIII. DISCUSSION

Through user experiments, we obtained initial insights into
the tool’s usefulness and usability, as well as into develop-
ers’ trust in LLM-generated review results. Furthermore, we
identified the strengths and weaknesses of the approach and
its realization, PROTO-CHECK. With our goal to raise aware-
ness of relevant qualities, information needs, and stakeholder
concerns to consider during prototyping, the evaluation results
indicate that our approach significantly improves this aspect.

Given the possibility of endless feedback loops, PROTO-
CHECK is best used alongside the development process to
highlight potential improvement ideas, leaving it to the devel-
oper to decide which suggestions to implement. Furthermore,
it has been shown to effectively teach users, such as students,
which aspects to consider when developing notebooks.

IX. THREATS TO VALIDITY

Internal Validity: The researcher’s presence during the ex-
periments may introduce social desirability effects, causing
participants to provide more positive feedback or adapt their
behavior to perceived expectations. Additionally, participants
recruited from the researchers’ networks may feel implicitly
encouraged to respond favorably. Furthermore, the usefulness
of personas could not be fully evaluated due to the lack of
participants with domain expertise.

External Validity: Since participants were drawn from per-
sonal and professional networks, the sample consists of people
with similar educational backgrounds. This may not reflect the
broader target population’s diversity. The sample size (n=11)
further reduces the generalizability of the findings. Finally,
the short-term nature of the study does not capture long-term
usage patterns and effects.

X. RELATED WORK

LIMs simulating Experts: A particularly promising appli-
cation is in requirements engineering, where agents simulate
different stakeholders to uncover latent needs [45]-[47]. Re-
cent studies highlight the effectiveness of LLMs in simulating
expert perspectives for research ideation, often using personas
to represent intersecting identities and broaden the scope of
ideation [42f], [48[]-[50]. However, in both fields, personas
frequently lack sufficient diversity [S1].
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LLM-based Reviews: Research on automated code review
has quickly shifted from simple defect detection to automatic
correction. To enable LLMs to understand code differences,
produce natural language feedback, and independently resolve
reviewer comments, significant research makes use of fine-
tuning and extensive pre-training [52]—[54]. Recent hybrid
techniques use static analysis or symbolic reasoning to link
LLM outputs to coding standards and logical constraints,
thereby improving the accuracy of the results [S5], [56].

Reviewing Systems for ML Prototypes: Static analysis
methods are used for automatic identification of code smells
and anti-patterns [57], [58]], as well as compliance with specific
best practices in Jupyter Notebooks [[17], [59]. However, rule-
based strategies struggle to capture the semantic details of ML
workflows [[13]]. Recently, the use of LLMs for automated ML
code review has received more attention [[60], [61]]. However,
these techniques primarily focus on fixing bugs and general
code issues. They do not address the broader aspects that affect
collaboration and communication among stakeholders.

XI. CONCLUSION AND FUTURE WORK

In this paper, we present an LLM-based approach for
automatically reviewing ML prototypes. To enable this, we
developed a quality model for ML prototypes and derived
a set of information needs based on a literature analysis.
We further incorporated the concept of stakeholder personas
into the review process. Our approach is implemented as
the JupyterLab extension PROTO-CHECK. User experiments
yielded favorable results regarding both usefulness and us-
ability. Minor issues were identified, such as variation in
wording across newly generated review reports. The results
also indicate that developers perceive the stakeholder personas
as valuable. However, to assess whether the persona-based
review feedback is realistic, further studies involving domain
experts are required.
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