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Abstract. Conceptual models, such as UML diagrams, play a central
role in abstracting and communicating the complexity of information sys-
tems. However, their interpretation remains challenging — particularly
for non-experts and users with accessibility needs. This work investi-
gates whether large language models (LLMs) can effectively assist users
by answering comprehension questions. We analyze existing approaches
to model comprehension and conversational assistance, and identify their
strengths and limitations in handling diagrammatic information. Build-
ing on these insights, we design a prototype that integrates an LLM-based
conversational interaction in the GLSP-based bigUML editor. Using this
prototype and a set of reported UML model comprehension questions,
we uncover the influence of representation format, context size, and LLM
provider on the extent to which LLMs can accurately answer questions
about UML class diagrams. Our study offers unique insights into LLM
capabilities for model-based question answering in UML class diagrams,
a prerequisite for advancing accessible, AI-assisted modeling.

Keywords: Conceptual modeling · Model comprehension · LLM · Ac-
cessibility.

1 Introduction

Conceptual models effectively convey complex information. They are used in
many forms and sizes for countless applications. However, people with visual
impairments or those who struggle to understand large models at first glance
face significant barriers in accessing and understanding this information [41].
Individuals who are not regularly working with large models or encounter them
for the first time need significant time to understand the connections and clusters
within them, which creates a need for an effective solution [17].

The relevance of this problem is underlined by the growing emphasis on
inclusive design and accessibility in technology in general and conceptual mod-
eling [19, 34], software engineering, and model-driven engineering [3, 25] in par-
ticular. By improving the accessibility of models, crucial information becomes
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available to a broader audience [34], ultimately leading to more accessible soft-
ware through increased diversity (i.e., inclusion) among stakeholders. In addition,
improving the accessibility of model content supports model comprehension for
all individuals who want to quickly understand a large model.

This research advances the accessibility of conceptual models by exploring
the feasibility of integrating conversational functionality powered by Large Lan-
guage Models (LLMs) into modeling tools, with the goal of making conceptual
modeling more inclusive and accessible [3]. The particular task we investigate in
this paper is model-based question answering. Improving the accessibility of such
tools should be achieved without compromising on the accuracy of the answers.
Therefore, this research aims to respond to the following research questions:
RQ1: What is the state of the art in model comprehension and conversational
agent techniques in conceptual modeling, and what are the agents’ strengths and
limitations? RQ2: To what extent do LLMs accurately answer comprehension
questions on conceptual models?

In the remainder of this paper, Section 2 provides a comprehensive review
of model summarization and conversational agents in conceptual modeling. Sec-
tion 3 subsequently reports on the design and implementation of a prototype
modeling tool enhanced with a conversational agent that enables model-based
answering of comprehension questions. This tool supports an experiment eval-
uating LLM capabilities in model-based question answering. The experimental
design and the results are presented in Section 4. Finally, we discuss the key find-
ings and implications of our work in Section 5 before concluding in Section 6.

2 Related Work: Model Summarization and
Conversational Agents

This section provides a summary of the comprehensive literature review on model
summarization and conversational agents; all details are provided in the online
supplementary material to this paper1[28]. Search and Screening Process.
To enable comprehensive literature coverage, three interrelated queries were for-
mulated, each targeting model-related research in one of the following domains:
Q1: Model Accessibility, Q2: Model Comprehension and Simplification, and Q3:
Conversational Chat Bots and Interfaces. The search queries were executed in
February 2025 at the scientific databases Scopus, IEEE Xplore, and ACM Digital
Library. To ensure homogeneity and quality in the results, papers were excluded
if they were i) written before 2010; ii) less than four pages long; iii) not written
in English; iv) not related to our research scope; v) not accessible as full text;
or vi) non-scientific papers (e.g., tutorials, editorials).

Fig. 1 shows the screening process followed. Of the publications that passed
the abstract-level screening, 99 proceeded to a full-text evaluation, where their
content was critically assessed to confirm methodological soundness and thematic
suitability, resulting in a final selection of 51 papers.

1 https://github.com/Charlotte-Verbruggen/EMMSAD26_LLMquestionAnswering
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Fig. 1: Publications search process and filtering steps

Results. The remaining 51 publications were organized into relevant the-
matic categories : Accessibility: Studies on inclusive design and assistive tech-
nologies aimed at making models accessible to diverse users, including impaired
individuals. Summarization and comprehension: Research focusing on means
of condensing and abstracting, and comprehending complex models, thereby eas-
ing the interpretation and navigation of their contents. Conversational: Works
exploring conversational agents or voice interfaces as intuitive, user-friendly
channels for interacting with models. In the following, we will summarize the
core contributions in each of these categories.

Accessibility in Modeling. Accessibility in model comprehension is crucial
to enabling people with disabilities to fully participate in education and profes-
sional settings in conceptual modeling, model-driven engineering, and agile de-
velopment [27]. Traditional modeling tools often rely on visual components and
pointing-device-based interaction, which create significant barriers for visually
impaired users to understand models and fully engage in modeling processes [20].
Despite some progress in software and web accessibility, conceptual modeling re-
mains largely inaccessible for those with disabilities beyond visual impairments,
including physical, auditory, or cognitive challenges [34, 26].

Empirical studies have confirmed that task completion rates and user satisfac-
tion levels improve when interfaces are adapted based on modalities suited to the
user’s abilities [48]. The literature further shows that speech-based interactions
are preferred in most cases [14, 15, 39, 43], especially when providing a high-level
summary first, followed by potential follow-up questions from the user [7]. Sev-
eral techniques to improve accessibility have been proposed, including blended
modeling with a combination of textual and graphical model representations [20],
tactile and haptic user interactions [20, 47], sonification of models [15, 43, 4],
and the use of conversational AI for modeling assistance [36, 1, 31, 35].

Model Summarization/Comprehension. As the model size grows, its vi-
sual representations become increasingly dense and complicated. This complexity
can hinder the understanding, communication, maintenance, and further devel-
opment of the modeled system [13]. Model summarization techniques are vital
for reducing the complexity of large models while maintaining their usability and
interpretability. By providing higher-level abstractions and focusing on essential
elements, summarization techniques make vast amounts of data more accessible
to various stakeholders [46, 33].
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To realize summarization techniques for conceptual models, these models
first need to be transformed into an LLM-friendly input format, rather than us-
ing images or plain XML [40, 10]. Van der Zee et al. [46] focus on (simulation)
model simplification, providing a review of simplification strategies, including
abstraction and modularization. The clarity and operationalization of the con-
struct “model understandability” are critical for effective model summarization
and comprehension. Houy et al. [12] offer a comprehensive reconstruction of ex-
perimental research on conceptual model understandability, identifying multiple
ways that influence how models are interpreted.

In the technological landscape of model summarization, several works lever-
age LLMs to implement context-aware summarization [33, 8, 11]. Other works
propose a generic model decomposition technique that facilitates model manage-
ment by decomposing complex models into smaller, comprehensible sub-models
that conform to the original metamodel [21, 5].

Remaining challenges include carefully balancing the trade-off between sim-
plicity and accuracy in summarization, as well as handling LLM hallucinations
and systematically validating the summaries [8, 42].

Conversational Agents. Conversational LLMs have been leveraged to con-
ceptual models in formats such as XML, JSON, and image-based representa-
tions [30, 22]. Research indicates that JSON and simplified XML formats of-
fer the best trade-off between token efficiency and comprehension quality com-
pared to regular XML and PNG, making them ideal for AI-driven model analy-
sis [16]. Furthermore, structured prompt engineering techniques such as chain-of-
thought and non-technical abstraction have been shown to significantly improve
response accuracy and user engagement, e.g., in AI-powered BPMN interpreta-
tion tools [45] and domain modeling [38].

Answer to RQ1 Current summarization and conversational agent tools
in conceptual modeling aim to simplify complex models and enhance user
interaction through natural language, thereby improving accessibility for
a diverse range of users. Despite many advances, significant challenges re-
main. The process of simplification must carefully balance reducing com-
plexity with retaining critical causal relationships. Over-simplification can
lead to the loss of key dependencies, whereas insufficient abstraction may
leave users overwhelmed. Additionally, outputs generated by LLMs might
suffer from issues such as hallucinations and factual inconsistencies, partic-
ularly in complex modeling scenarios, which undermines reliability.

Synopsis. The preceding analysis reveals significant remaining challenges,
two of them we aim to address in the following: 1) Representation format. Ex-
isting research has utilized various representation formats to engage with LLMs
for summarizing and comprehending conceptual models. These findings suggest
that the representation format significantly affects the accuracy of the LLM’s
response. However, systematic research is needed to determine how best to repre-
sent conceptual models for LLMs. 2) Systematic evaluation. Existing research
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Fig. 2: High-Level System Architecture

has shown a lack of systematic evaluation of factors such as representation format
and context size (also related to scalability) and their influence on the accuracy
of LLMs’ model-based question answering capabilities.

3 Prototype Design and Implementation

To evaluate RQ2, we designed and implemented a prototype of a model conver-
sational agent. The prototype extends the bigUML modeling tool and supports
the evaluation of LLMs on model-based question answering (see Section 4).

3.1 Conceptual Design

The system architecture is designed to be flexible, scalable, and maintainable,
integrating independent yet interrelated modules to work seamlessly together.
Fig. 2 shows the high-level architecture using a C4 model [44]. The main modules
needed to provide LLM support for model-based question answering are:

– User Interface (UI): The user interacts with the target model via the UI.
– Model Transformation Module: Before the model can be processed by

the LLM, the Model Transformation Module restructures the original model
into an intermediate representation that the LLM can interpret more easily.

– Prompt Generator: This module leverages an LLM to generate prompts
to obtain clear and concise textual explanations of the target model.

– Systematic Evaluation: The systematic evaluation with the Promptfoo
framework is further explained in Section 4.

The primary function of the Model Transformation and Prompt Gen-
erator module is to convert structured model data into a coherent, structured
textual representation that is more appropriate for processing by an LLM. This
intermediate format must preserve structural elements, relationships, and meta-
data, while removing unnecessary data like layout information. During the trans-
formation, the original model is first parsed. In this step, all relevant elements,
relationships, and metadata are identified and parsed. In the second step, the
information is restructured into a unified textual format, ensuring that the re-
sult is accurate, concise, and reflective of the model’s intrinsic structure. The
transformed model data is passed to the LLM module (cf. Fig. 2).
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In the Prompt Generator module, LLM processing is enhanced by carefully
designing prompts—often incorporating role instructions, chain-of-thought rea-
soning, and contextual cues—that guide the LLM to produce more accurate and
comprehensive responses. The LLM’s natural language understanding capabili-
ties are used to analyze the intermediate representation. Its tasks include: i) Un-
derstanding the hierarchy and relationships inherent in the transformed model;
ii) Using its large context window to ensure that even models with extensive
detail are processed without critical information being truncated; iii) Producing
a concise and human-readable response to the prompted question.

3.2 Implementation

The conceptual architecture (Fig. 2) is implemented into the open source, GLSP-
based [24] bigUML [23] tool. bigUML is extended by two central elements:
i) a user interface extension for the conversational LLM interaction [35], and
ii) the Prompt Generator Module itself, responsible for preparing, sending, and
processing LLM prompts based on the UML model.

The interaction begins when the user selects their preferred options in the
newly developed bigUML AI agent interface, which the frontend forwards to
the server. On the backend, the relevant model data is retrieved from the GLSP
server, combined with user options, and passed to the Prompt Generator. The
final prompt is sent to the LLM via the Google Generative AI Client. The gener-
ated explanation is returned to the backend and then passed back to the frontend
UI for rendering in the AI Agent output area.

Modeling Environment (UI and Target Model). In addition to using
the JSON-based model structure, the prototype also provides a second method
for supplying model information via PlantUML input. This option can be config-
ured directly in the UI. When enabled, the UI displays a text field that lets users
enter a file path to an external PlantUML file. This part provides the prototype
with a further perspective on comprehending UML models and enables us to
evaluate the influence of model representation on the quality of LLM responses.

Prompt Generator. This module converts user-configurable settings and
UML model information into structured prompts that an LLM processes to
generate meaningful responses to comprehension questions. Once the prompt
has been constructed, the module sends it to the LLM and returns the response
to the UI. It represents the execution phase and directly links the UML model
data with an automated explanation produced by the LLM.

The system instruction defines how the LLM should behave when processing
the prompt. It is provided separately from the user query and acts as a higher-
level guiding framework that the model must follow throughout the explanation
process. The system instructs the model to act as a “UML expert” and explicitly
defines rules for using a user-selected language style, carefully reading diagram
data, avoiding hallucinations, and keeping responses concise. This approach is
supported by [8, 9], indicating that minimal expert-focused system instructions
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tend to work best for technical reasoning tasks. This design ensures that the pro-
totype operates within controlled boundaries, supports evaluation of comparable
outputs, and focuses on providing technically accurate explanations rather than
interpretative speculation, which, in the case of UML model question answering,
may lead to inaccurate statements or incorrectly referenced model elements.

After the prompt has been built, an LLM request is made using the Google
Generative AI Client in a single-step execution without conversational history.
This ensures deterministic processing and prevents interference from previous
interactions. A temperature value of 0.0 was chosen to minimize randomness
and encourage consistent responses across identical configurations. The maxi-
mum token limit of 1000 ensures that outputs are sufficiently detailed while
preventing overly long or repetitive explanations. A comprehensive evaluation of
the tool involving stakeholders is left for future work.

4 Experiments

This section focuses on the use of our bigUML conversational extension to
systematically evaluate LLMs’ capabilities for UML model question-answering.
We thus evaluate the accuracy of the LLM responses, which we identified as a key
requirement of accessible systems. Evaluating the accessibility of the prototype
in a user study is left for future work.

4.1 Research Questions & Evaluation Method

This section drills down into the second major research question (RQ2: To what
extent do LLMs accurately answer comprehension questions on conceptual mod-
els?) by posing sub-questions aimed at uncovering a deeper understanding of the
extent to which contextual factors influence the capabilities of LLMs in answer-
ing comprehension questions about UML models.

RQ2.1 To what extent does the representation format influence the ability of
LLMs to accurately answer comprehension questions on UML models?
This RQ aims to investigate whether the representation of the UML model
in JSON or plantUML format influences the LLM’s ability to accurately
respond to UML model comprehension questions.

RQ2.2 To what extent does the context length influence the ability of LLMs to
accurately answer comprehension questions on UML models?
This RQ aims to investigate whether the size of a UML model, and conse-
quently the context size, influences the LLM’s ability to accurately respond
to UML model comprehension questions.

RQ2.3 To what extent does the training data influence the ability of LLMs to
accurately answer comprehension questions on UML models?
This RQ aims to investigate whether reusing comprehension questions al-
ready reported in the past, and, therefore, part of the LLM training data,
influences the LLM’s capabilities of accurately responding to UML model
comprehension questions.
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RQ2.4 To what extent does the LLM provider influence the ability of LLMs to
accurately answer comprehension questions on UML models?
This RQ aims to investigate whether LLMs of OpenAI (GPT4o-mini and 5)
and Google (Gemini-2.5-flash-lite and Gemini-2.5-pro) differ with respect to
responding accurately to UML comprehension questions.

4.2 Experimental Setup

In this experiment, we investigate the ratio of passing responses (independent
variable) given a certain accuracy threshold (dependent variable) under different
formats, model sizes, and LLM providers (factors).

Evaluation Module (Promptfoo) Promptfoo2 is an open-source framework
for automated evaluation of LLM applications. It offers a practical way to test
prompt interactions and supports reproducible benchmarking by running prede-
fined prompts and test scenarios, checking model responses, and applying scor-
ing rules to evaluate their accuracy. Promptfoo uses (YAML) configuration files,
where evaluation scenarios are defined. These include the prompt to use, the
test input (e.g., the model representation), the LLM provider, and the criteria
responses must meet. This setup allows for a clear, structured definition of test
cases without requiring complex programming.

To respond to RQ2.4, we executed experiments with four current LLMs,
namely Gemini-2.5-flash-lite, Gemini-2.5-pro, GPT 4o-mini, and GPT-5-mini.
PromptFoo supports various evaluation methods. In this case, the Rubric-based
assertion is used, in which responses are assessed against predefined quality
criteria. Rubric-based assertions allow nuanced analysis of responses and provide
great flexibility in assessing accuracy, completeness, and clarity. This is especially
useful in the context of model-based question answering, where semantically
correct responses may vary in wording.

A key characteristic of Promptfoo’s rubric-based evaluation is that scor-
ing is conducted by a separate LLM explicitly defined as an assertion model.
This model evaluates the response generated by the primary model under test
based on the configured rubric. Applying an “LLM as a judge” approach, the
assertion model interprets the evaluation instructions and determines for itself
whether the response meets the defined quality criteria. This mechanism allows
fully automated assessment and reduces human bias during evaluation [32]. In
these experiments, we conducted five runs with GPT-5-mini as assessor (between
21/11/2025 and 26/11/2026), and five runs with gemini-2.5-flash-lite as assessor
(between 21/02/2026 and 24/02/2026). To mitigate the risk of hallucinations
by the assessor LLM, we verify the scoring of a sample of 72 responses, pro-
viding human validation of the LLM’s assessment across model-question pairs,
answering LLMs and assessor LLMs.

2 Promptfoo homepage [online]: https://www.promptfoo.dev/
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Selection of UML Models and Comprehension Questions. The selec-
tion of models and comprehension questions was based on the availability of
UML class diagrams with accompanying comprehension questions. A total of
four models from the empirical work by Sharif and Maletic [37] were selected to
provide realistic, academically grounded evaluation material (Set A). To assess
the effects of increased contextual complexity on model comprehension, an up-
scaling strategy was implemented. This involved extending the original models
with additional classes and relationships to enlarge the structural context with-
out altering the semantics of the original model. These injected elements were
fully independent of the core classes, ensuring that they expanded the contextual
load without interfering with existing elements.

For Set A, the comprehension questions used in this evaluation are taken
directly from [37] to avoid introducing unintended biases through paraphrasing.
These questions focus on core model understanding, including structural rela-
tions such as inheritance or associations, identification of key model elements,
and interpretation of semantic roles. The expected answers for Set A are created
manually by the authors. This ensures that the interpretation of the questions
is scientifically grounded and correct.

In addition to the medium-sized models derived from [37], a second set (Set
B in the following) of three models was included to extend the evaluation to
larger-scale system representations. These models were sourced from the Mod-
elSet dataset [18]. An overview of the number of elements in the models of
set A and set B can be found in the online supplementary material.The cor-
responding comprehension questions and expected answers for set B are man-
ually constructed by the authors. The selected models contain structures that
are substantially more complex, thereby enabling the evaluation to assess LLM
question-answering not only on academic examples but also on more realistic,
industrial-scale models. This enables a comparative analysis of LLM question
answering performance across different scales. Finally, since the comprehension
questions sourced from [37] have been published, they may be included in the
training data for the selected LLM providers, potentially leading to data leak-
age. Set B is therefore accompanied by new, manually defined comprehension
questions to support RQ 2.3.

Assertion Setup. Each Promptfoo test case includes a rubric specification that
instructs the evaluator LLM on how to judge the quality of the primary model’s
output based on predefined criteria. Listing 1.1 demonstrates how the Promptfoo
evaluation works using an example test case. First (lines 1-3), the variables
representing the model, the comprehension question, and the provided output
are injected. The second block (lines 4-20) then defines the assertions (including
which LLM provider provides the answer). In Promptfoo, each test case can
specify one or more assertions under the assert key. An assertion describes how
the model output should be evaluated and always includes a type field that
selects the evaluation mechanism.
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The rubric description consists of two parts. The first part details the eval-
uation criteria (lines 8-12) based on the expected outcome. These criteria check
the correctness of the answer and the justification provided, allowing for varia-
tion in wording as long as the conceptual interpretation is correct. The second
component is the accuracy grading scale (lines 13-20). Finally, line 21 defines
the required accuracy score to pass the evaluation (in this example: 0.5).

This scoring system distinguishes between answers that are completely, mostly,
or partially correct and those that are entirely incorrect. It also supports more
precise analysis, as it captures the extent to which the model can justify its
reasoning. Because the result of each test run is interpreted as binary (pass or
fail), the evaluation is repeated with four threshold configurations to produce the
full results matrix, reflecting the grading scale by varying the passing threshold
(line 21). Moreover, to ensure stable results, we run the experiments 5 times and
average the results across all runs.

Listing 1.1: Example Test Case
1 vars :
2 uml : f i l e : // workspace/model−t e s t /model−A. txt
3 ques t ion : <Or i g ina l comprehension ques t ion from source mater ia l>
4 assert :
5 − type : llm−rubr i c
6 prov ider : openai : gpt−5−mini
7 value : |
8 Evaluate the c o r r e c t n e s s and j u s t i f i c a t i o n o f the answer based
9 on the f o l l ow ing :

10 − The response must i d e n t i f y the expected des ign conc lu s i on .
11 − I t must prov ide the c o r r e c t r a t i o n a l e .
12 − Di f f e r e n t wording i s acceptab l e i f conceptua l l y accurate .
13
14 Grading s c a l e :
15 − 1 . 0 : Ful ly c o r r e c t and j u s t i f i e d .
16 − 0 . 7 5 : Mostly c o r r e c t with minor omis s ions .
17 − 0 . 5 : P a r t i a l l y c o r r e c t .
18 − 0 . 2 5 : Vague or weak reason ing .
19 − 0 . 0 : I n c o r r e c t or i r r e l e v a n t .
20
21 A sco r e o f 0 .5 or h igher should be cons ide red a pass .

Based on the format and the model upscaling, we defined six model format
variants for Set A (PlantUML, PlantUMLx2, PlantUMLx10, JSON, JSONx2,
and JSONx10). In total, 2.160 evaluation runs were conducted for Set A (9
model-question combinations × 6 formats × 4 answering LLMs × 2 assessor
LLMs × 5 reps). For Set B, 480 runs were conducted (6 model-question combi-
nations × 2 formats × 4 answering LLMs × 2 assessor LLMs × 5 reps). For each
threshold, a cumulative score was calculated by relating the number of PASSING
test cases to the total number of evaluated cases, using the following formula:

Scoreτ =
Number of Passed Test Casesτ
Total Number of Test Cases

with τ ∈ {25%, 50%, 75%, 100%}

4.3 Results

The quantitative outcomes summarized in the tables below provide an overview
of how comprehension accuracy responds to changes in input structure, contex-
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Table 1: Averaged comprehension accuracy for Set A, assessed by GPT-5-mini
Score PlantUML PlantUMLx2 PlantUMLx10 JSON JSONx2 JSONx10
25 % 0,99 ± 0,01 0,97 ± 0,01 0,92 ± 0,02 0,96 ± 0,02 0,87 ± 0,01 0,86 ± 0,04
50 % 0,98 ± 0,03 0,96 ± 0,02 0,89 ± 0,02 0,94 ± 0,02 0,85 ± 0,03 0,80 ± 0,03
75 % 0,96 ± 0,02 0,92 ± 0,04 0,87 ± 0,03 0,89 ± 0,04 0,80 ± 0,04 0,76 ± 0,02
100 % 0,93 ± 0,02 0,92 ± 0,03 0,86 ± 0,03 0,87 ± 0,03 0,77 ± 0,02 0,74 ± 0,00

Table 2: Averaged comprehension accuracy for Set A, assessed by Gemini-2.5-flash-lite
Score PlantUML PlantUMLx2 PlantUMLx10 JSON JSONx2 JSONx10
25 % 0,99 ± 0,02 0,97 ± 0,00 0,95 ± 0,01 0,93 ± 0,02 0,86 ± 0,02 0,83 ± 0,02
50 % 0,94 ± 0,02 0,96 ± 0,02 0,92 ± 0,03 0,93 ± 0,02 0,83 ± 0,02 0,80 ± 0,03
75 % 0,95 ± 0,02 0,92 ± 0,04 0,87 ± 0,02 0,90 ± 0,02 0,78 ± 0,04 0,76 ± 0,03
100 % 0,94 ± 0,02 0,89 ± 0,04 0,84 ± 0,03 0,87 ± 0,02 0,76 ± 0,02 0,73 ± 0,03

tual size, and model provider. Table 1 and Table 2 present the results for Set A
with GPT-5-mini and Gemini-2.5-flash-lite as assessors, respectively.

For each model representation variant, the cumulative pass rate averaged
over five runs is listed across the four thresholds. For PlantUML and JSON, the
baseline model representations result in the highest comprehension accuracy.
The PlantUML representation consistently outperforms the JSON representa-
tion. Increasing context complexity had a negative impact on performance for
both formats, indicating that increased contextual load reduces the ability of
LLMs to prioritize structurally relevant elements, likely due to context dilution
and growing token-based complexity. A direct comparison between the two rep-
resentation formats reveals clear differences in accuracy as the contextual size
grows. When scaling to x2 and x10, JSON experiences a significantly greater
performance degradation. Overall, Gemini’s scores as an assessor are slightly
lower but still show a similar pattern.

Answer to RQ2.1 Our results show that the PlantUML representation
consistently leads to better comprehension than the JSON representation.

To answer RQ2.2, model size and token counts are used as metrics for the
context size. For both formats, we see a consistent degradation of the accuracy as
the model size increases in Table 1 and Table 2. JSON uses notably more tokens
than PlantUML in every test setting. In the baseline version, the JSON format
(480,891 tokens) requires 8.5 times as many tokens as the PlantUML format
(56,488 tokens). Similar factors are found with increasing model size. This shows
that JSON introduces much more structural information, thereby increasing the
LLM’s processing effort. Given that the PlantUML representation delivers higher
comprehension accuracy (see answer to RQ2.1) while requiring significantly fewer
tokens, our results correspond to the findings in [16], where more streamlined
formats generally resulted in a better trade-off between response quality and
token consumption.
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Answer to RQ2.2 Our results show that the comprehension accuracy
drops with increasing context length. The comprehension degradation is
stronger for JSON than for PlantUML.

Table 3: Averaged comprehension accu-
racy for Set B, assessed by GPT-5-mini

Score PlantUML JSON
25 % 0,98 ± 0,02 0,95 ± 0,02
50 % 0,88 ± 0,00 0,85 ± 0,05
75 % 0,61 ± 0,04 0,45 ± 0,02
100 % 0,46 ± 0,00 0,27 ± 0,02

Table 4: Averaged comprehension accuracy
for Set B, assessed by Gemini-2.5-flash-lite

Score PlantUML JSON
25 % 0,96 ± 0,00 0,86 ± 0,06
50 % 0,86 ± 0,02 0,79 ± 0,06
75 % 0,68 ± 0,05 0,56 ± 0,04
100 % 0,53 ± 0,02 0,40 ± 0,02

Tables 3 and 4 summarize the results of the evaluation runs of Set B, con-
firming that PlantUML yields higher accuracy. However, the accuracy for both
formats is much lower in Set B than in Set A, as fewer cases achieve 75% or
100%. Apart from the models’ complexity, this difference may also be due to the
fact that the comprehension questions for Set B were not previously published,
whereas those for Set A have been reported before. This effect is stronger when
using GPT-5-mini as an assessor than when using Gemini-2.5-flash-lite.

Answer to RQ2.3 Reusing previously published data (in our case, com-
prehension questions) leads to inflated accuracy results.

A comparison of the evaluated LLM providers (see Table 5 and Table 6) con-
firms general expectations. The most recent models, GPT-5-mini and Gemini-
2.5-pro, outperform the other models across all test configurations. These models
perform consistently well for all PlantUML representations in Set A, regardless of
their size. Note that GPT-5-mini tends to outperform Gemini-2.5-pro regardless
of the LLM used as assessor.

Answer to RQ2.4 Newer models outperform older ones, and GPT-5-mini
performs best among the four tested models in our experiments.

While using the ‘LLM as assessor’ eliminates potential biases of a human
evaluator, the assessor LLM could still produce hallucinations. Therefore, we
conduct a human validation on a sample of the results, consisting of 72 answers:
9 model-question pairs (Set A) × 1 format (PlantUML) × 4 answering LLMs
× 2 assessor LLMs × 1 run. This resulted in an agreement percentage of 93,1%
(67/72). Of the five differing evaluations, four were partially correct answers
that the LLM labeled correct (at the passing threshold of 100%) while only one
instance in this sample was incorrectly labeled as FAIL by the LLM assessor.

5 Discussion of Findings

Implications for Research and Practice. Our results show that while JSON
and PlantUML are lightweight compared to formats like XML, there is a clear dif-
ference in model-based question-answering performance between the two. There-
fore, a systematic assessment is needed of how different model representations
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Table 5: Pass rates per LLM provider across model formats, averaged over 5 runs,
assessed with GPT-5-mini
Score Gemini-2.5-flash-lite Gemini-2.5-pro GPT 4o-mini GPT-5-mini
Set A: PlantUML 0.93 ± 0.02 0.98 ± 0.02 0.96 ± 0.07 1 ± 0.00
Set A: PlantUML 2x 0.86 ± 0.04 0.98 ± 0.02 0.94 ± 0.08 1 ± 0.00
Set A: PlantUML 10x 0.81 ± 0.00 0.99 ± 0.02 0.79 ± 0.08 0.99 ± 0.02
Set A: JSON 0.91 ± 0.05 0.96 ± 0.04 0.82 ± 0.04 0.99 ± 0.02
Set A: JSON 2x 0.79 ± 0.02 0.84 ± 0.02 0.84 ± 0.05 0.88 ± 0.02
Set A: JSON 10x 0.78 ± 0.01 0.82 ± 0.02 limit 0.79 ± 0.02
Set B: PlantUML 0.67 ± 0.04 0.87 ± 0.02 0.54 ± 0.05 0.92 ± 0.00
Set B: JSON 0.38 ± 0.00 0.75 ± 0.03 0.55 ± 0.02 0.85 ± 0.04

Table 6: Pass rates per LLM provider across model formats, averaged over 5 runs,
assessed with Gemini-2.5-flash-lite
Score Gemini-2.5-flash-lite Gemini-2.5-pro GPT 4o-mini GPT-5-mini
Set A: PlantUML 0.92 ± 0.00 1 ± 0.00 0.94 ± 0.05 1 ± 0.00
Set A: PlantUML 2x 0.85 ± 0.02 0.99 ± 0.01 0.94 ± 0.04 1 ± 0.00
Set A: PlantUML 10x 0.81 ± 0.01 0.97 ± 0.03 0.83 ± 0.04 0.97 ± 0.02
Set A: JSON 0.87 ± 0.02 0.92 ± 0.05 0.84 ± 0.02 1 ± 0.00
Set A: JSON 2x 0.79 ± 0.02 0.84 ± 0.02 0.74 ± 0.04 0.87 ± 0.02
Set A: JSON 10x 0.78 ± 0.00 0.83 ± 0.04 limit 0.76 ± 0.04
Set B: PlantUML 0.67 ± 0.05 0.87 ± 0.02 0.66 ± 0.07 0.89 ± 0.06
Set B: JSON 0.50 ± 0.03 0.73 ± 0.02 0.58 ± 0.04 0.87 ± 0.02

affect model-based question answering and other LLM-assisted modeling tasks.
Representation formats should be developed specifically for model exchange with
LLMs, ideally a generic one that can be used across multiple modeling languages.
A standardized representation could be leveraged to develop a standardized in-
tegration of modeling tools, their interactions, and model exchange with LLMs.

Since our results show that context size matters, it would be beneficial to
investigate how existing modularization techniques [2, 6, 29] can be applied be-
fore model exchange with LLMs. Moreover, further research could investigate
new, specific semantic modularization techniques to help determine which parts
of a model are most relevant to send to an LLM for a specific type of question
or conversation (cf. [6]). This could contribute to the accessibility of modeling
tools, e.g., by supporting visually impaired users in navigating models.

The results of RQ2.2 and RQ2.3 demonstrate that larger model sizes and pre-
viously unpublished questions reduce the accuracy of LLM responses. As such,
the reliability of LLMs for model-based question answering should be improved
before they can be used effectively to improve the accessibility of modeling tools.

Finally, future research would benefit from a clear overview of previously re-
ported models and model-question pairs, to gain insight in potential data leakage
in their LLM model-based question answering experiments.

Limitations. Although the evaluation provides valuable insights, several
limitations must be acknowledged. First, the study focuses on a predetermined
set of UML models from two sources. While this may not fully reflect the variety
and complexity of models used in industry, it helps maintain comparability.

Second, only PlantUML and JSON model formats were tested, chosen for
their compatibility with the prototype and widespread use. Other formats or
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hybrid approaches may yield different results. Additionally, the model upscaling
technique artificially increased context complexity by introducing independent
structures without changing the core semantics. Although this approach supports
controlled testing, it may not perfectly mirror real-world large models.

Third, the evaluation focuses solely on UML class diagrams, which represent
only one type of structural model. Other diagram types, such as sequence dia-
grams, state machines, or activity diagrams, incorporate different semantic and
behavioral aspects. These might interact differently with LLMs, leading to varied
comprehension outcomes. Thus, the findings can not be generalized directly to
other UML diagram types or modeling languages without further investigation.

Fourth, alternative prompt engineering strategies or more flexible response
conditions could enhance accuracy scores, especially in higher-complexity scenar-
ios. Furthermore, performance was assessed using an automated scoring method
with 2 other LLMs serving as evaluator. While this promotes consistency, it may
introduce bias inherent to the evaluation models themselves. However, a human
validation of a sample of the results reaching an agreement percentage of 93.1%.

Fifth, LLM performance varies across model providers and versions, and the
results reflect only the models available at the time of testing. Therefore, the
findings should be interpreted within the context of current technology and not
assumed to generalize to future LLM developments without further validation.

Finally, this study is based primarily on descriptive statistics rather than in-
ferential statistical testing. While we have a total of 2.640 observations, the rich
set of variables used in this experimental set-up (model-question pairs, formats,
sizes, answering LLMs, assessing LLMs) means that the number of observations
per configuration is very small. Therefore, any inferential analysis on the effect
of a single variable would have low statistical power and must therefore be in-
terpreted with caution. Nevertheless, inferential methods may still provide some
supplementary insight; for transparency, these analyses are reported in the online
supplementary material1[28].

6 Conclusion

We investigated the capabilities of LLMs for model-based question answering
over UML models, as this is a prerequisite for effectively using conversational
agents to enhance modeling accessibility. An analysis of the state of the art re-
vealed advances in summarization techniques and conversational agent tools for
this purpose. However, the balancing of retaining key model elements and mean-
ingful abstraction in model summarization, as well as handling hallucinations
and factual inconsistencies, are still open challenges. We developed a prototype
of a conversational agent for model-based question answering and investigated
the effect of model representation, model size, novelty of the questions, and the
LLM provider on the accuracy of the answers, showing that more compact for-
mats, such as PlantUML, yield better results than more verbose formats, such
as JSON. While both formats perform similarly in the baseline models, the dif-
ference becomes clear as model size increases. In addition, the accuracy of the
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results decreases for questions that are not yet part of the LLMs’ training data.
GPT-5-mini performed the best among the four tested models. These findings
pave the way for realizing model accessibility through conversational LLM-based
user interactions by highlighting key factors that affect LLM performance.
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