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Abstract. [Context and Motivation] Large language models can derive concep-
tual models from textual requirements, offering an off-the-shelf alternative to
traditional rule-based and machine-learning-based methods. [Question/Problem]
Comparative evidence on the validity and completeness of different large and
smaller language models for the domain model derivation task remains limited.
[Principal ideas/Results] We compare GPT-o1, Llama3-8B, and Qwen-14B with
the rule-based Visual Narrator using nine datasets containing user stories and
corresponding domain models. Each language model was prompted with struc-
tured templates and evaluated on class and association extraction through pre-
cision, recall, and F-scores. GPT-ol outperformed the smaller language models
and matched or exceeded Visual Narrator in most tasks. Small language models
produced competitive but less consistent results, revealing efficiency—accuracy
trade-offs.[ Contribution] We provide a systematic comparison of large language
models, small language models, and rule-based modeling approaches and offer
an updated evaluation framework to guide future research on the balance between
scale, performance, and interpretability of the automated techniques for domain
model extraction.

Keywords: user stories - domain modeling - large language models - small lan-
guage models - Visual Narrator

1 Introduction

Model extraction and derivation from natural language requirements have long received
attention from the requirements engineering (RE) community. Analysts and researchers
have sought methods to transform natural language descriptions into various types of
dynamic and static conceptual models. Early work relied on rule-based techniques and
linguistic heuristics [17,1], which achieved precision through explicit patterns but often
failed to generalize beyond predefined contexts. Machine and deep learning pipelines
[20] improved automation but required data annotation for training, limiting their ap-
plicability in practical settings.

The emergence of large language models (LLMs) offers a new opportunity to re-
visit this challenge. Trained on extensive corpora and capable of contextual reasoning,
LLMs can interpret natural language text with greater semantic depth than earlier ap-
proaches [16]. They promise adaptability across domains, flexibility in representing
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diverse modeling tasks, and the potential to generate structured models directly from
plain language. However, questions remain about their consistency, completeness, and
alignment with human modeling practices; issues that require systematic investigation.

Recent studies have begun to examine the capabilities and limitations of LLMs
in software modeling. Ferrari et al. [12] demonstrated that ChatGPT can generate se-
quence diagrams from textual descriptions but struggles with completeness and con-
textual precision. Chen et al. [7] compared prompt strategies for domain model gen-
eration, showing that examples improve accuracy, whereas chain-of-thought reasoning
adds little benefit. Bragilovski et al. [6] found that GPT-4 can approach human recall in
class identification but still exhibits distinct error profiles. While these studies highlight
the potential of LLMs, few have compared them directly with small language models
(SLMs) or rule-based systems using a shared evaluation framework.

Emerging work suggests that small language models (SLMs) may offer complemen-
tary advantages in software modeling tasks. Owing to their reduced parameter count and
narrower training scope, SLMs can exhibit more predictable behavior and lower halluci-
nation rates in constrained domains. Their lighter computational footprint enables cost-
efficient fine-tuning and on-premise deployment, which is particularly attractive for in-
dustrial settings with privacy or resource constraints. Moreover, SLMs are often open,
less bound to contractual limitations and specific deployment platforms, making them
more easily integrable with rule-based or symbolic techniques, facilitating hybrid ap-
proaches that combine statistical learning with explicit domain knowledge. These char-
acteristics position SLMs as a promising alternative for scenarios where transparency,
controllability, and efficiency are critical [21,23,24].

This work addresses the lack of SLM evaluations in domain model derivation by
conducting a systematic comparison of three language models—GPT-ol as an LLM,
Llama3-8B and and Qwen-14B as SLMs—against the established rule-based system
Visual Narrator (VN) [17] for domain model extraction from usere stories. Our goal is
to assess whether LLMs and SLMs can derive domain models that are not only syntac-
tically valid but also semantically correct and as complete as possible. We focus on two
essential elements of domain modeling (classes and associations) and evaluate model
quality using established information-retrieval metrics and qualitative error analysis.

Our results reveal that GPT-ol consistently produces models that outperform those
of the SLMs and often match or exceed the rule-based baseline. The SLMs deliver com-
petitive but less stable outcomes, revealing trade-offs between computational efficiency
and modeling accuracy. These findings open new directions for research on the balance
between model scale, performance, and interpretability in automated domain modeling.

The contributions of this paper are threefold. First, we introduce Visual Narrator
2.0, an LLM-capable version of the state-of-the-art rule-based domain model extrac-
tion tool Virtual Narrator. Second, we develop and integrate an additional evaluation
component that refines existing model quality dimensions and supports replication and
benchmarking in future studies. Third, we provide a detailed empirical evaluation across
nine benchmark datasets, combining statistical and qualitative analyses. Together, these
contributions advance the understanding of how LLMs can support RE tasks and lay
the foundation for scalable and context-aware model extraction.



A Comparative Study of Language Models for Domain Model Extraction 3

This paper is structured as follows. Sec. 2 presents the related work. Sec. 3 details
our research method. Sec. 4 describes the evaluation. Sec. 5 discusses the results and
Sec. 6 concludes the paper.

2 Related Work

The derivation of conceptual models from textual requirements is a long-standing strand
of research [27]. Prior work has explored the automated generation of diverse artifacts
such as class diagrams [8], sequence diagrams [12], and goal models [13,22] from nat-
ural language specifications. In this study, we focus specifically on domain models,
which capture the key concepts and relationships within a problem space.

Arora et al. [1] implement a pipeline using Stanford Core NLP and GATE NLP
tool kits to extract domain models from shall statements with heuristics. The pipeline
extracts domain concepts, associations, generalizations, cardinalities, and attributes and
is evaluated on private industrial datasets. Later, Arora et al. [2] use active learning
to reduce superfluous entities and relations identified automated techniques. Lucassen
et al. [19,17] introduce Visual Narrator (VN), which applies NLP and heuristic-based
rules to user stories to automatically extract conceptual models, aiming to minimize
human intervention while improving the interpretability of user requirements. Saini et
al. propose DoMoBOT [20], an interactive domain model extraction tool combining
rules and neural networks powered by spaCy [14] and GloVe [18] word embeddings.

Arulmohan et al. [3] explore how LLMs support domain model derivation from nat-
ural language text in agile product backlogs. They use GPT-3.5 in their experiments,
which is outperformed by a tool implementing conditional random fields (CRF). Both
perform better than VN. Chen et al. [7] compare the use of GPT-3.5 and GPT-4 for
automated domain modeling, applying chain-of-thought prompting to capture complex
domain elements. They aim to improve the precision and completeness of generated
models, though the study highlights the LLMs’ tendency toward omission errors and
inconsistencies with best modeling practices. Bragilovski et al. [6,5] evaluated hu-
man analysts, a rule-based system, a machine-learning pipeline, Mistral, and GPT-4
on nearly five hundred user stories, showing that although no approach outperforms the
performance or experts, LLMs perform similarly to novices.

3 Approach

This section describes the experiment design adopted to answer our research questions.
Guided by Wohlin et al. [26], we run a comparative study that contrasts three language
models with a rule-based system in the task of domain model generation.

3.1 Research Questions

Over the past few years, automated derivation of domain models from user stories has
shifted from rigid heuristic pipelines to language models, but we still lack evidence
on whether resource-efficient SLMs can match larger models on semantic quality, and
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on their error profiles. In this paper, we consider GPT-ol as a prime example of an
LLMs, Llama3-8b and Qwen-14b as examples of SLMs that can be deployed locally,
and Visual Narrator as a classic rule-based approach specialized on user stories. We put
forward the following research questions:

RQ1 How well do LLMs and SLMs extract domain models from user stories compared
to a rule-based system?
RQ1.1 How complete are the domain models generated by GPT-o1 and the two
SLMs relative to those produced by Visual Narrator?
RQ1.2 How valid are the domain models generated by GPT-o1 and the two SLMs
relative to those produced by Visual Narrator?
RQ2 How do the two SLMs differ from each other and from GPT-ol in model com-
pleteness and validity?
RQ3 How do error profiles, particularly false-positive classes and associations, differ
among Visual Narrator, GPT-o1, and the two SLMs?

RQ1 quantitatively explores the performance of GPT-01, Llama3-8b, Qwen-14b,
and Visual Narrator. This work builds on Bragilovski et al. [6], but i. introduces Vi-
sual Narrator 2.0, an improved version of the state-of-the art rule based domain model
extraction tool and ii. considers newer GPT variants as well as two state-of-the-art
SLMs. To measure performance, we use nomenclature from conceptual modeling [10]:
validity (akin to precision) and completeness (akin to recall). RQ2 focuses specifically
on a comparison across the language models, while RQ3 is concerned with a qualita-
tive exploration aimed at identifying patterns in the types of errors generated, which is
complementary to the quantitative analysis (the latter aims at statistical testing).

3.2 Experimental Setup

Our experiment comprised four crucial elements: datasets, language models, prompt
design, and evaluation metrics. We used the benchmark datasets provided by Brag-
ilovski et al. [6], consisting of nine datasets. Together, there were 487 user stories,
along with their corresponding domain models. The domains and brief descriptions of
these datasets are summarized in Table 1. While reviewing the benchmark, we followed
the guidelines of Blaha and Rumbaugh [4], and found out classes and associations for
which we disagreed with the benchmarks. This can be attributed to the fact that multiple
domain models may correspond to a set of requirements, depending on their purpose
and the level of granularity. To accommodate for such subjectivity, we created a new
version of the gold standard; this included extending it with two categories: mandatory
and optional. Mandatory elements are explicitly stated in the user stories, while op-
tional ones are not directly mentioned but can be inferred from domain knowledge. The
optional elements are counted as true positives if identified, but are not treated as false
negatives if not identified following the guidelines of Blaha and Rumbaugh [4]. Table 1
summarizes the gold domain models prior and after our revision.

We selected language models that receive regular updates, are easily accessible
through an open-source platform', and can follow natural language instructions through

! https://huggingface.co/
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Table 1: Datasets Descriptions and Metrics: US = number of user stories; C,;q and
Cyew are the number of classes in the old and new gold standard; A,y and A, are
the number of associations.

Dataset Description US Coid Crew Avid Anew

Camperplus A camp management system for admins, parents, 55 17 19 23 26
and counselors to track activities and share docu-
ments.

Fish&Chips A restaurant system supporting takeaway, delivery, 50 9 9 8 8
and improving outdated kitchen workflows.

Grocery A grocery chain’s internal system for HR, schedul- 49 9 10 8 12
ing, payroll, and employee self-service.

Planningpoker An agile estimation tool supporting collaborative 53 6 6 6 6
story point voting and backlog refinement.

Recycling A waste management system for organizing recy- 51 11 10 11 10
cling types, locations, schedules, and tracking ac-
tions.

School A school management system for grades, atten- 61 17 18 23 24
dance, messaging, and home-based learning.

Sports A CRM system for fitness centers supporting lesson 63 13 13 13 12

booking, trainer management, and registration.

Supermarket An online grocery platform offering delivery, in- 51 11 12 13 16
store navigation, and personalized promotions.

Ticket An event ticketing platform with user profiles, guest 54 10 10 13 13
checkout, and a resale marketplace.

Total 487 103 107 118 127

prompting. We initially evaluated the performance of multiple recent models using the
interactive chat interface on Hugging Face, as it allowed for a quick qualitative assess-
ment of model outputs. Models that produced repetitive or unintelligible answers were
excluded. The final set of models included GPT-ol (a reasoning-focused, instruction-
tuned model with an unspecified parameter size), Llama3-8B Instruct? (an instruction-
tuned variant with 8 billion parameters from Meta’s Llama series), and DeepSeek-R1-
Distill-Qwen-14B? (a 14-billion-parameter distilled model from the Qwen series, opti-
mized through knowledge distillation for improved inference efficiency).

We focused on prompt design, as this can influence model performance. Follow-
ing [25], we adopted three prompting strategies: i. persona, ii. template pattern, and
iii. chain of thought. The models were assigned the role of a RE expert and provided
with an output template to facilitate processing. We structured prompts into two steps
for GPT-ol and four steps for SLMs, based on observations from our pilot experiment.
GPT-ol could process all instructions, handle the full list of user stories, and follow the
instructions accurately to generate the output. However, separating the user stories from
the instructions slightly improved its performance. In contrast, SLMs generally failed to

2 https://huggingface.co/meta-llama/Meta-Llama3-8B-Instruct
3 https://huggingface.co/deepseek-ai/DeepSeek-R 1-Distill-Qwen-14B
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follow all instructions when presented at once, often forgetting earlier parts. Therefore,
the prompts were divided into four parts for SLMs, with each step delivered separately.

Our task involved two main stages: i. identifying relevant classes and ii. determining
their associations. Figure 1 illustrates these processes. Although similar, the two tasks
differ in their inputs and outputs. For class identification, the input is user stories and
instructions, and the output is a set of classes. For association identification, the input
includes gold-standard classes, user stories, and instructions, and the output is a set
of associations. The process follows Blaha and Rumbaugh’s guidelines [4]: candidate
classes and associations are first identified, and then irrelevant ones are excluded based
on exclusion criteria. Both code and datasets are available online*.

S1: Input user stories S2: Identify nouns S3.: Filter out S4: Output final list of
unsuitable classes classes

(a)

SL;angltdu::nsdtg:ées S2: Identify all S3: Filter out S4: Output final list of|
gclasses possible associations unsuitable associations| associations

(b)

Fig. 1: Steps for extracting (a) classes and (b) associations.

3.3 Evaluation Design

Starting with the quantitative evaluation, we used Fy 5, F; and Fy scores because they
combine precision and recall in a single and interpretable number. Fy 5 gives more
weight to precision while still considering recall, and serves as an indicator of model
validity. In contrast, F5 emphasizes recall and shows the completeness of the model
outputs. F; provides a balanced point.

Since language model outputs are stochastic, we run of GPT-ol five times and
Llama3-8B and Qwen-14B ten times each, with the differing numbers reflecting budget
constraints. By contrast, predictions of VN are deterministic for it is rule based, so a
single run per dataset is sufficient. Performance varied across rounds for the LLMs and
SLMs, potentially due to random variation rather than systematic effects. Therefore, it
was necessary to evaluate whether the observed performance differences among models
were statistically significant. Given the small number of datasets in this study and that
the independent variable comprised more than two categories, we used the Friedman
test to assess whether there is a statistically significant difference among the models. If
significant differences were found, the Nemenyi post-hoc test was applied to perform
pairwise comparisons and identify differences in performance [9].

In addition to the quantitative evaluation, we conducted a qualitative analysis to gain
deeper insights into the models’ performance. Following the approach of Bragilovski

4 https://github.com/rexchou0715/VisualNarrator-v2
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et al. [6], we considered seven false positive categories for classes (Table 2a) and three
for associations (Table 2b), derived from Blaha and Rumbaugh [4]. To ensure repro-
ducibility, we constructed decision trees for taggers to guide the classification of false
positives for both classes and associations, which are available in the online appendix.
Certain branches of the trees were adapted from [6], and our main addition was a branch
designed to handle hallucinated terms as well as verb and noun forms.

Table 2: False Positive Categories, primarily based on [4].

False Positive

Category Description

Irrelevant A class that has little or no connection to the problem domain.

Implementation A class that is used for system realization rather than for representing real-
world entities.

Operation A class that represents an operation applied to objects rather than an entity in
its own right.

Redundant A class that represents a concept already expressed by another class; the less
descriptive one should be removed.

Vague A class that is too general or lacks sufficient specificity to represent a distinct
concept.

Role A class that represents a temporary or external role rather than an intrinsic
part of the domain.

Attribute A class whose name primarily describes properties of individual objects
rather than independent entities.

(a) FP categories for classes

Irrelevant An association that lies outside the problem domain.

Implementation An association that reflects implementation details rather than domain rela-
tionships.

Redundant/De-  An association that can be inferred or defined through other existing associa-

rived tions.

(b) FP categories for associations

4 Evaluation

Since our research involves conducting multiple rounds of experiments and evaluating
their outcomes, a substantial amount of manual effort was initially required. To address
this, we developed Virtual Narrator 2.0 (in our appendix) that has two main capabilities:
i. LLM integration for domain model generation and ii. automated evaluation of the
generated outputs by comparing them with the given golden standard.
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The evaluation process considers not only literal matches between elements but also
their semantic similarity. Because language models often produce varied expressions
even under instructions, we observed that some outputs correctly refer to an element
but use a different term. In such cases, we avoid penalizing the models by creating a
synonym dictionary that records all equivalent terms generated during the experiments
by the following process. We first let the LLMs and SLMs generate candidate classes
(Step 1) through Visual Narrator 2.0. Next, the first author reviewed all false positive
and unmatched classes from the gold standard (Step 2) and flagged all false positives
that might refer to the same real-world concepts as those in the unmatched list (Step
3). Then, the first author checked the user stories to verify whether each false positive
referred to the same concept as the one in the unmatched list (Step 4). The first and
the third authors discussed the flagged classes that might refer to the same real-world
entities (Step 5) and added the class labels to the synonym dictionary if they agree on
their similarity (Step 6). The dictionary has a total of 158 synonyms for 60 classes.

We consider two variants of the original, rule-based VN in line with previous re-
search [5]: VN Precision-Oriented (VN-P) and VN Recall-Oriented (VN-R), both of
which are part of the model comparison. VN-P serves as the baseline for RQ1.1, and
VN-R for RQ1.2. The difference between these versions is in the threshold that is set
for including a noun or a noun phrase as a class in the output (lower threshold for VN-
R). Only the classes extracted by VN are considered in the evaluation, as its association
extraction does not follow the same guidelines used in our study. Including associations
would therefore introduce inconsistencies and reduce the validity of the comparison.

4.1 Quantitative Analysis

Table 3 compares the five approaches for extracting domain models from user stories
(GPT-o1, Llama3-8B, Qwen-14B, VN-P, VN-R) on class identification.

Table 3: Fy 5, F1, and F5 scores for class identification, highlighting the best results in
yellow and the second best in gray.
Dataset GPT-ol Llama3-8B Qwen-14B VN-P VN-R

Fos Fi Fo Fos Fi F2 Fos Fi Fo Fos Fi Fo Fos Fi Fa

Recycling 0.423 0.453 0.490 0.256 0.318 0.428 0.234 0.274 0.348 0.385 0.286 0.227 0.320 0.370 0.439
Supermarket  0.680 0.764 0.873 0.482 0.499 0.532 0.558 0.632 0.745 0.597 0.640 0.689 0.597 0.640 0.689
Planningpoker 0.643 0.700 0.773 0.365 0.396 0.463 0.437 0.510 0.624 0.682 0.600 0.536 0.588 0.615 0.645
Camperplus ~ 0.791 0.747 0.708 0.601 0.520 0.468 0.658 0.676 0.703 0.672 0.581 0.512 0.479 0.571 0.708

Grocery 0.631 0.688 0.761 0.532 0.564 0.612 0.471 0.545 0.667 0.682 0.462 0.349 0.564 0.608 0.660
Sports 0.689 0.682 0.680 0.562 0.567 0.578 0.579 0.620 0.680 0.536 0.375 0.288 0.379 0.480 0.652
Ticket 0.637 0.648 0.662 0.539 0.545 0.568 0.304 0.356 0.439 0.595 0.556 0.521 0.595 0.556 0.521
School 0.625 0.638 0.654 0.563 0.531 0.515 0.601 0.658 0.739 0.561 0.579 0.598 0.556 0.623 0.707

Fish&Chips  0.613 0.649 0.691 0.410 0.467 0.546 0.387 0.456 0.565 0.476 0.333 0.256 0.217 0.298 0.473

Macro Avg.  0.637 0.663 0.699 0.479 0.490 0.523 0.470 0.525 0.612 0.576 0.490 0.442 0.477 0.529 0.610
Macro SD. 0.097 0.090 0.104 0.113 0.084 0.061 0.143 0.140 0.138 0.100 0.130 0.165 0.140 0.122 0.104
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Looking at validity (Fy.5), GPT-o1 outperforms both SLMs across all datasets and
exceeds VN-P in almost all cases, with Planningpoker and Grocery as the main ex-
ceptions (VN-P slightly higher). VN-P also surpasses the SLMs in most datasets. For
completeness (F3), GPT-ol dominates Llama3-8B, with Qwen-14B and VN-R exhibit-
ing very similar performance (0.612 vs. 0.610) and being the runner-up of GPT-ol on
most datasets. It is remarkable how, although the variants of VN are from a decade ago,
they are still up-to-part (if not better) than the examined SLMs.

Statistical tests (a« = 0.05) confirm these differences. The Friedman test shows
significance for both metrics (validity: p = 0.0001246; completeness: p = 0.003283).
Post-hoc (Nemenyi) and Cohen’s d effect size tests confirm that GPT-ol significantly
outperforms Llama3-8B (p = 0.0029, d = 2.343) and Qwen-14B (p = 0.0056, d =
1.929) in validity, but not VN-P (p = 0.3543, d = 0.842). For completeness, GPT-
ol only shows a significant advantage over Llama3-8B (p = 0.0015, d = 1.786),
with no significant differences from Qwen-14B (p = 0.2208, d = 0.913), or VN-R
(p =10.1532, d = 0.997).

Figure 2 visualizes the distribution of scores of each dataset across different runs
using box plots. Note that VN is excluded since its results are deterministic. GPT-ol
achieves higher and more stable scores overall, with performance gaps narrowing for
completeness. Qwen-14B becomes more competitive when completeness is prioritized,
whereas Llama3-8B remains the least consistent. This is yet another signal of the supe-
riority of GPT-o1 over the two examined SLMs for the task at hand.

1.0
0.9
0.8

M R

0.2
0.1
0.0

camperplus fish&chips  grocery planningpoker recycling school sports  supermarket ticket

1.0

0.8

Liaial 2% bt

0.1
0.0

camperplus fish&chips  grocery planningpoker recycling school sports supermarket ticket

I GPT-ol [ Llama3-8B I Qwen-14B

Fig. 2: Class Fy 5 and F5 score distribution by model and dataset.
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Table 4 reports the Fy 5, F1 and Fy scores for association extraction across all
datasets and models. Since we are only comparing three alternatives, unlike Table 3
where we had five contenders, we highlight the best but not the runner-up.

Table 4: Fy 5, F1, and F5 scores for identifying associations.
Dataset GPT-ol Llama3-8B Qwen-14B
FOAS Fl F2 FOAS Fl F2 FOAS Fl F2

Recycling 0.525 0.578 0.647 0.469 0.512 0.580 0.426 0.494 0.596
Supermarket  0.929 0.925 0.920 0.728 0.720 0.718 0.718 0.721 0.728
Planningpoker 0.799 0.832 0.871 0.744 0.736 0.741 0.727 0.752 0.779
Camperplus  0.731 0.671 0.621 0.536 0.446 0.385 0.573 0.564 0.557

Grocery 0.738 0.809 0.896 0.580 0.590 0.615 0.556 0.621 0.706
Sports 0.722 0.789 0.870 0.579 0.587 0.598 0.531 0.574 0.640
Ticket 0.877 0.918 0.965 0.618 0.564 0.523 0.718 0.725 0.739
School 0.681 0.682 0.682 0.382 0.358 0.346 0.423 0.472 0.540

Fish&Chips  0.781 0.833 0.896 0.552 0.564 0.590 0.641 0.684 0.738

Macro Avg. 0.754 0.782 0.819 0.576 0.564 0.566 0.590 0.623 0.669
Macro SD.  0.116 0.117 0.130 0.114 0.119 0.133 0.119 0.104 0.088

Looking at validity (Fy 5), GPT-0l consistently outperforms both SLMs across all
datasets, with scores ranging from 0.525 (Recycling) to 0.929 (Supermarket) and an
average of 0.754. The margins vary by dataset, being smallest in Planningpoker and
largest in Supermarket and School. Between the SLMs, there is no clear dominance, as
Llama3-8B leads in five datasets while Qwen-14B performs better in four, occasionally
achieving larger margins (e.g., Fish&Chips, Ticket).

For completeness (F3), GPT-o1 again demonstrates the strongest performance, with
scores between 0.647 and 0.965 (avg. 0.819). It remains above 0.85 in six datasets, in-
dicating strong coverage of relevant associations. Qwen-14B follows, averaging 0.669,
and consistently outperforms Llama3-8B (avg. 0.566).

Statistical tests (&« = 0.05) confirm the significant differences. The Friedman test
shows significance for both metrics (validity: p = 0.0012)completeness (F2): p =
0.0001, W = 1). The post-hoc (Nemenyi) tests further show that GPT-o1 significantly
outperforms both Llama3-8B (p = 0.0062, d = 2.113) and Qwen-14B (p = 0.0028,
d = 2.898) in validity. For completeness, GPT-ol1 is significantly better than Llama3-
8B (p = 0.0000656, d = 2.267), while its dominance over Qwen-14B is not statistically
significant (p = 0.0855, d = 2.221), likely due to the limited sample size.

Figure 3 presents the Fy 5 and Fy scores for each dataset, showing the variation
across different runs of LLMs and small SLMs in the association extraction task. GPT-
ol exhibits higher medians and narrower interquartile ranges, particularly in Super-
market, Camperplus, and Fish&Chips. Llama3-8B shows lower medians and greater
variability, while Qwen-14B generally lies between the two, occasionally approaching
GPT-o01’s performance (e.g., Planningpoker). The patterns for completeness are simi-
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lar, with GPT-01 maintaining the highest stability and the differences among models
narrowing slightly in Recycling.
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Fig. 3: Fy 5 (top) and F; (bottom) score distribution by model and dataset for association
extraction.

4.2 Qualitative Analysis

This section examines false positive patterns in class and association identification. Fig-
ure 4 compares the class false positive profiles of GPT-ol, Llama3-8B, Qwen-14B,
VN-P, and VN-R. For each dataset, we aggregate all experimental rounds, compute the
proportion of each error type, and summarize their distributions using box plots. This
visualization highlights error tendencies rather than absolute counts.

-, ﬁﬁ? ﬁﬂ? L mem  m

Attribute Implementation Irrelevant Operation  Redundant/Derived Role Vague

I GPT-ol [ Llama3-8B I Qwen-14B I VN-Precision I VN-Recall

Fig. 4: Distribution of class false positives by error types and models.
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VN and language models show distinct error patterns. VN-P produces a narrow
range of mistakes, mainly Role, Vague, and Irrelevant errors, while VN-R shows greater
variety (because of the lower threshold for class inclusion) but similar patterns. Both
variants frequently make Vague errors due to difficulty in handling complex nouns (VN
uses a classical NLP pipeline). For example, in the Ticket dataset, the system identifies
“information” as a class, although it is unclear whether this refers to “artist informa-
tion” or “event information”. They also tend to make Role errors by extracting system-
oriented entities, such as “admin”, as standalone classes. The roles appear frequently
in the “As a” part of user story templates, leading VN to assign them higher weights.
Occasionally, VN also produces Irrelevant errors by identifying relative pronouns, such
as “which” or “where,” as potential classes, likely due to how sentence chunking.

In contrast, language models distribute their errors more evenly and show a stronger
tendency toward Redundant/Derived classes, a category that VN rarely triggers. For in-
stance, in the School dataset, Qwen-14B produced both “grade” and “school grade”
within the same experiment round. Among the LLMs, GPT-ol makes fewer Attribute
and Irrelevant errors, whereas both SLMs more frequently confuse attributes with classes
or generate out-of-scope entities. GPT-o1, however, shows a slightly higher rate of Role
and Implementation errors. For the remaining categories (Vague, Redundant/Derived,
Operation), all three models behave similarly. The Operation category shows low error
rates across all models because language models can effectively distinguish nouns from
verbs. Qwen-14B exhibits a slightly higher rate due to its tendency to over-generate ele-
ments and extract compound words. For instance, in Camperplus, it identified “consent
form submission” as a class; however, the term emphasizes “submission”, which is an
operation rather than a domain entity.

Figure 5 compares the association false positive profiles of GPT-ol, Llama3-8B,
and Qwen-14B. Note that VN is excluded from this part of the evaluation, as explained
at the beginning of Section 4. Redundant/Derived errors are the most frequent across all
types. GPT-ol shows the highest median and widest interquartile range, indicating that
it sometimes adds links already implied, for example “Student—Assignment,” which can
be inferred from “Student—Class” and “Class—Assignment.” Implementation errors are
rare for all models, with GPT-ol showing the fewest. In the gold standard class list,
there is no reference to classes related to the development of a system, i.e. technical
classes. Any reference to technical classes in the generated output indicates that the
model has ignored the instructions provided in the prompt and hallucinated. This phe-
nomenon is especially evident in the SLMs. Irrelevant errors occur moderately across
models, often from invented or loosely related entities. GPT-o1 has the lowest median
but wider spread, while the SLMs display higher medians with less variation.

5 Discussion and Limitations

5.1 Discussion

Our study demonstrates that the GPT-o1 LLM consistently achieved higher validity and
completeness than both SLMs and the rule-based Visual Narrator. This result suggests
that scale, the training data, and advanced contextual reasoning significantly improve
the accuracy of class and association identification. The SLMs delivered performance
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Fig. 5: Distribution of false positives by error types and models for associations.

on the level of the VN; while the SLLMs are better suited than the LLLMs for educational
and resource-constrained environments, the even lighter rule-based VN is still in the
same league, if not better, for many datasets.

The first and the third authors manually studied all results and improved the gold
standard as well. The analysis revealed recurring error patterns across models. Larger
models tended to generalize associations correctly but occasionally introduced spurious
relationships, while smaller models often omitted valid elements or failed to interpret
domain-specific terms. These differences highlight that model scale influences not only
accuracy but also the types of reasoning errors produced. VN, on the other hand, is fully
interpretable and the identified issues could be fixed programmatically.

Our results raise questions about how LLMs reason about software concepts. De-
spite their generally good performance, they still encounter difficulties with domain-
specific semantics, showing that human oversight remains essential. This observation
aligns with prior work emphasizing the need for hybrid pipelines [11] that combine
LLM automation with manual SE activities. Further research should investigate how
prompting strategies, fine-tuning, and feedback loops can balance automation and reli-
ability in conceptual modeling tasks.

Across datasets, our analysis also reveals differences in task difficulty. Some do-
mains appear inherently more challenging for both humans and machines. For exam-
ple, the Recycling dataset yielded consistently lower scores across all models, mirror-
ing prior observations that even human analysts struggled to construct coherent do-
main models from its user stories [5]. In contrast, the Supermarket dataset achieved the
highest scores, and human participants in the same study also performed well on this
domain. These results suggest that dataset characteristics—such as clarity, vocabulary
consistency, and conceptual regularity—strongly influence the quality of both human
and automated model derivation.

Implications for practice. Large and small language models demonstrate potential
to accelerate early modeling activities by extracting preliminary conceptual structures
directly from textual requirements, reducing manual effort and without requiring spe-
cialized solutions (e.g., classical NLP pipelines). Organizations can integrate such mod-
els into existing tool chains to support analysts in identifying classes and associations.
However, industrial adoption requires attention to data confidentiality, explainability,
and validation workflows to ensure that generated models remain trustworthy and com-
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pliant with organizational standards. In such cases, SLMs have an advantage over LLMs
for resource consumption, ease of on-premise deployment, and more predictable behav-
ior. With appropriate governance and human oversight, LLM-based model extraction
can support faster prototyping, better stakeholder communication, and more consistent
documentation across projects. Yet, the effects on humans’ cognition need to be inves-
tigated, as recent studies [15] have shown how the use of ChatGPT leads to a so called
‘cognitive debt’, i.e., lower neural connectivity in people’s brain.

5.2 Threats to Validity

Following the guidelines by Wohlin et al. [26], we consider potential threats to con-
struct, internal, external, and conclusion validity.

Construct validity may be affected by the operationalization of conceptual modeling
quality, as our metrics focus on classes and associations while omitting attributes, spe-
cializations, and behavioral aspects. This is a conscious choice: classes and associations
are at the basis of domain models, and other elements (like attributes) are dependent on
classes’ existence.

Conclusion validity concerns the interpretation of quantitative differences; to ad-
dress this, we employed statistical tests and complemented numerical analysis with
qualitative inspection. Error profiling is rare in NLP4RE research, and we advocate it
as as step to go beyond the raw numbers and statistical values. Nevertheless, we have
not tested the effectiveness of the generated models in action, i.e., how well they support
requirements analysts or developers.

Internal validity may be influenced by prompt design and random variations in LLM
outputs; we mitigated this risk through standardized prompting and multiple runs per
model. We were interested in the models’ performance with their predefined settings,
although an alternative would have been controlling temperature and seed. However,
this would not have been possible for GPT-ol.

External validity is limited by the benchmark datasets, which reflect a specific set
of user stories and may not represent all industrial domains or modeling styles. To re-
duce bias, we have re-tagged the dataset and included mandatory and optional elements,
plus a set of synonyms. Nevertheless, replication with larger datasets, additional mod-
eling tasks, and alternative evaluation frameworks will be necessary to strengthen the
generalizability of our findings.

6 Conclusions

Our main contribution is a systematic comparison of LLMs and SLMs for concep-
tual model extraction from natural language requirements. We evaluated three models
(GPT-ol, Llama3-8B, and Qwen-14B) against the rule-based Visual Narrator across
nine benchmark datasets. The findings confirm that GPT-o1 performs consistently bet-
ter than the other models and often matches or exceeds the rule-based baseline in both
precision and recall. The SLMs demonstrate competitive performance, thereby serving
as practical alternatives where computational efficiency is a priority; yet, they do not
outperform the lightweight, NLP-based Visual Narrator.
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Our research identifies several avenues for future work. We plan to extend the anal-

ysis to additional modeling elements such as attributes, multiplicities, and specific rela-
tions. We aim to refine the evaluation framework by integrating human judgment met-
rics and exploring automated semantic alignment techniques. LLM-as-a-judge evalua-
tion setup is also an interesting direction to explore. Finally, we will examine how the
insights from this comparison can inform the design of mixed-initiative systems that
integrate LLMs into RE workflows responsibly and transparently.

Data availability The replication package of this work is available at https://github.com/rex-
chou0715/VisualNarrator-v2
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