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Abstract

The application of Large Language Models (LLMs) in Model-Driven Engineering (MDE)
has emerged as a rapidly evolving research area. While existing systematic literature
reviews have examined specific technical approaches, a comprehensive mapping of the
broader research landscape (e.g., development trends) remains lacking. This study presents
a systematic mapping study of LLM applications in MDE, analyzing 86 primary studies
collected from five databases, covering publications from 2022 to early 2026. Guided
by five research questions, we characterize the field across five dimensions: MDE task
distribution and research contribution types, LLM technologies and interaction strategies,
artifact representation and processing, validation practices, and publication landscape.
Our findings reveal that current LLM4MDE research is heavily concentrated on Model
Generation, while tasks such as Model Migration, DSL Engineering, and Metamodeling
remain marginal. Most approaches rely on black-box OpenAl models accessed via remote
APIs and adapted through prompt engineering, with fine-tuning and retrieval-augmented
generation rarely employed. Inputs are predominantly natural-language artifacts, while
outputs are model-oriented but usually expressed in lightweight textual formats rather than
native MDE exchange formats. Validation is centered on quantitative experimentation,
with 42% of studies reporting no baseline and cost efficiency reported in fewer than one
quarter of studies. The field has grown rapidly, from one paper in 2022 to 42 in 2025,
with research concentrated in Europe and Canada and limited industry involvement. Based
on these findings, we identify gaps and opportunities across task coverage, technical con-
figuration, and evaluation practice, offering a knowledge map to guide future work in this
cross-disciplinary field.
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1 Introduction

Large Language Models (LLMs) have become a technological game changer of the 21st
century, to the point where they are the dominant technology associated with the term artifi-
cial intelligence (Fan et al. 2023; Hou et al. 2024). From the introduction of the Transformer
architecture in 2017 to the widespread application of models like GPT and BERT today,
LLMs have moved from academic research to the core of industrial practice (Radford et al.
2018; Zhao et al. 2023). Today, LLMs can be defined as neural network models based on
deep learning architectures that obtain strong language understanding and generation capa-
bilities through pre-training on large-scale text data (Devlin et al. 2019). These models show
unprecedented abilities in code generation, document understanding, requirement analysis,
and system design (Hou et al. 2024; Chen et al. 2021a).

The application of LLM in Software Engineering (SE) shows diverse forms and is
becoming part of development practices. Automatic code generation tools help program-
mers improve efficiency (Chen et al. 2024; Weber et al. 2024). Smart testing tools assist with
quality assurance (Sami et al. 2024). Documentation generation systems support project
maintenance (Dvivedi et al. 2024).

Although LLMs show great potential in SE, their application in the specific field of
model-driven engineering (MDE) is still in the exploration stage. MDE is an important
branch of SE. It emphasizes model-centered development methods (Schmidt et al. 2006). It
improves software development efficiency and quality through model transformation, code
generation, and automated analysis. However, traditional MDE methods face challenges
such as high complexity of modeling languages, high barriers for domain expert participa-
tion, and high model maintenance costs (Van Der Straeten et al. 2008; Mohagheghi et al.
2008).

Successful implementation of non-trivial MDE systems requires collaboration from
experts in different domains (Schmidt et al. 2006; Hutchinson et al. 2011). These include
software architects, domain experts, system analysts, and developers. In traditional MDE
practice, these experts need to master specific modeling languages and tools such as UML,
DSL, and metamodels. For example, in system modeling, architects need to use UML class
diagrams and component diagrams (Schmidt et al. 2006). In domain modeling, experts need
to define specific domain-specific languages (DSL) (Fowler 2010). In code generation,
developers need to write complex model transformation rules.

Due to these complexities, researchers and industry have begun to explore the potential
of LLMs in MDE. Due to their inherent capability to process natural language prompts and
produce high-fidelity results, LLMs give rise to an extremely wide spectrum of application
scenarios in MDE, including simplifications of the modeling process (Bamouh et al. 2025),
automation of model transformation (Moezkarimi et al. 2025), intelligent code generation
(Lamas et al. 2025), and more intuitive human-computer interaction. These applications
cover multiple aspects from requirements to model transformation, inter-model transforma-
tion, model to code generation, and automatic evaluation of model quality (Ahmed et al.
2025).

Although recent research has provided systematic literature reviews of technical methods
for LLMs in MDE (Di Rocco et al. 2025), a comprehensive mapping of the broader research
landscape remains lacking. The development status, research distribution, technical trends,
and community structure of this field remain unclear from a bird’s-eye perspective. The

@ Springer



Empirical Software Engineering (2027) 32:3 Page 3 of 67 3

development status, research distribution characteristics, technical trends, and research eco-
system of this field remain unclear. Specifically, it is still unclear how the research scale
and growth trends in this field develop, the distribution of research activity levels across
different types of MDE tasks, the characteristics of major academic publication venues,
the participation patterns of active research institutions and teams, the usage distribution of
various LLM technical methods, how MDE artifacts are represented and processed as inputs
and outputs in LLM-based approaches, the validation strategies of existing methods, and the
reproducibility support status of open-source tools and datasets.

To better understand these aspects, this paper provides an SE research map of LLM
applications in MDE (LLM4MDE in short). This map can guide researchers and practitio-
ners from artificial intelligence and SE fields to understand the current research status and
help reveal future challenges and opportunities.

2 Background
2.1 Model-Driven Engineering Fundamentals

Model-driven engineering (MDE, Schmidt et al. 2006) is a long-established research field
of 25 years that envisions the use of models as primary development artifacts in software
engineering. A model is an instance of a modeling language, traditionally a general-purpose
modeling language such as UML, while the field shifted over time to dedicated domain-
specific languages (DSLs) tailored to particular application domain. The roots of MDE are
in Model-Driven Architecture (MDA), which envisioned a particular process of generative
software development that moves from more abstract to more concrete models through a
chain of transformations. The central role of transformations in this chain led to growing
recognition of their potential for automation, giving rise to a variety of model transforma-
tion approaches, usually either focused on model-to-model transformations or code gen-
eration. A wide set of different model transformation paradigms was developed, including
declarative, imperative, reactive, graph-based languages and led to a sizable taxonomy, as
captured in Czarnecki’s and Helsen’s seminal survey (Czarnecki and Helsen 2006).

An additional asset of the use of models is the capability to perform analyses on the
model before the system is fully developed, which can avoid costly errors and repair further
downstream in the process. Model validation (Fleurey et al. 2004) is concerned with such
analyses, which range from light-weight syntactic checks (e.g., identifying violations of
multiplicity constraints) over testing to more involved semantic analysis based on formal
representations (e.g., model checking).

The rise of DSLs for modeling also led to comprehensive activities on design principles
and tools for language engineering in MDE (Fowler 2010). Developing the core of a model-
ing language traditionally involves expressing the abstract syntax of the language as a meta-
model, that is, a model for other models. A model language can have one or several concrete
syntaxes (e.g., textual, graphical, tabular), which can be defined using available language
workbenches. Language semantics can be defined through formal languages or pragmati-
cally, e.g., through code generation. When a modeling language changes, e.g., by editing the
meta-model, associated artifacts such as available models may need to be migrated, which
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has led to a sizable amount of work on model migration or co-evolution approaches (Rose
et al. 2009).

In conventional MDE processes, model generation or creating the model is usually a
manual activity. A relatively recent development of the field are approaches that assist the
developer as they edit the model (Macedo et al. 2016). Model repair approaches can guide
developers in fixing errors in the model, including, e.g., the repair of broken constraints.
As a pioneering application area of Al approaches in MDE, model completion approaches
can support a developer in identifying and missing elements, based on the current state of
the model. A separate strand are automated reverse engineering approaches, which derive
models from existing systems.

2.2 Large Language Models Overview

Large Language Models (LLMs) are probabilistic generative models of text based on
Deep Neural Networks (DNNs) trained on massive amounts of data collected from diverse
sources such as the web, books, and code repositories. LLMs are built using the Transformer
architecture as backbone (Vaswani et al. 2017): a DNN for sequence processing that can
ingest discrete sequences of symbols (i.e., tokens that can represent individual characters,
words, or sub-word units). The Transformer leverages the self-attention mechanism to cap-
ture complex long-range dependencies and allow the LLM to produce coherent and contex-
tually meaningful text. The term “large” is not strictly defined (it generally reflects the rapid
increase in model size over time), but foundational examples include BERT (Devlin et al.
2019), GPT (Radford et al. 2018), 75 (Raffel et al. 2020), and their successors. Nowadays,
LLMs are well known for their flexibility and capabilities, extending beyond text to support
multiple input and output modalities (Multimodal models) such as images, audio, and video.

LLMs are typically developed in two stages. First, a pre-training phase exposes the
model to large-scale corpora, enabling it to learn statistical patterns of language and world
knowledge. After pre-training, models are often fine-tuned to follow instructions or behave
as conversational agents. Instruction-following fine-tuning adapts the model to respond to
natural language prompts for specific tasks (Sanh et al. 2022; Chung et al. 2022), while
chatbot-assistant fine-tuning further specializes it to interactive multi-turn dialogues (Scotti
et al. 2024). These fine-tuning stages may rely on supervised examples or Reinforcement
Learning from Human Feedback (RLHF). Besides assistant-style fine-tuning, other vari-
ants target specialized domains such as code generation or logical reasoning (Github 2021;
Roziere et al. 2023; Guo et al. 2025).

The majority of currently adopted LLMs adopt a causal (or autoregressive) architecture.
These models generate text one token at a time, predicting the next token based on the entire
previously observed context. Users interact with these models via prompting: they supply
a prefix consisting of an instruction or query, and the LLM produces a completion repre-
senting its response. As tokens are generated, they are appended to the context and used
to condition subsequent predictions, making the prompting process central to LLM-based
applications.

When generating text, LLMs produce a probability distribution over possible next
tokens. The decoding strategy determine how a specific token is selected from this distribu-
tion at each generation step. This strategy can be probabilistic or deterministic (depending
wether tokens are sampled randomly from the output distribution) and can decode a single
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or multiple sequences (Scotti et al. 2024). Ideally the output sequence should be generated
running an exhaustive search for the most likely completion, in practice this is computation-
ally unfeasible and the decoding strategies try to approximate this process. When decoding
with a probabilistic strategy, the output probability is possibly preprocessed and the used to
select the next token. Sampling strategies include temperature-based sampling, top-k and
top-p (Scotti et al. 2024). In temperature-based sampling, a temperature parameter 7 > 0
controls the randomness of the output by scaling the probability distribution before sam-
pling: lower values of 7 (e.g., 7 — 0) make the distribution more peaked, leading to more
deterministic and repetitive outputs (often approximating greedy decoding), while higher
values of 7 — 400 flatten the distribution, increasing diversity and creativity at the cost
of coherence. Top-k sampling restrict the choice to the k£ most probable tokens, while top-p
sampling selects from the smallest set of tokens whose cumulative probability exceeds a
threshold p € [0, 1].

Several prompting strategies were developed to improve LLM performance. Few-shot
learning (or in-context learning) (Brown et al. 2020) provides task descriptions together
with input—output examples to guide the model even on unseen tasks without further train-
ing (DNN weights update). Retrieval Augmented Generation (RAG) (Gao et al. 2023) miti-
gates the model’s limited internal knowledge and static training cutoff by injecting external
retrieved information directly into the prompt. Chain-of-Thought (CoT) reasoning (Kojima
et al. 2022) encourages the model to generate intermediate reasoning steps before producing
the final answer, improving performance on multi-step or logically complex tasks. These
prompting techniques are orthogonal and can be combined to further enhance reliability and
task accuracy.

LLMs are commonly made accessible through fine-tuned assistant versions deployed as
chatbots or agentic systems. In these settings, the model is provided with a system instruc-
tion describing its role and objectives, and may be equipped with tools such as search or
code execution interfaces to act as an autonomous agent. Available models range from open-
access, research-friendly models such as Llama (Grattafiori et al. 2024), OQwen (Yang et al.
2025), Mistral (Jiang et al. 2023), and Gemma (Mesnard et al. 2024), to large closed-access
commercial models such as GPT (OpenAl 2026) and Gemini (Comanici et al. 2025). The
type of access significantly influences the level of controllability, transparency, and adapt-
ability available to practitioners.

LLMs can be characterized according to the level of access and transparency they pro-
vide, commonly described as white-box, grey-box, and black-box settings (Corbo et al.
2025). In a white-box setting, the full model is accessible and inspectable, including its
architecture, parameters (weights), and runtime information (e.g., internal activations). This
level of access is typical with self-hosted open-access models and enables in-depth inspec-
tion, reproducibility, and fine-grained control. A black-box setting, in contrast, restricts
access to the model internals: users only interact with the system through input—output que-
ries (e.g., via an API), without knowledge of its internal structure. This is typical of many
commercial, closed-access LLMs. Between these extremes lies the grey-box setting, where
partial access is granted—for example, exposing the output probability distribution. These
distinctions are important as they impact reproducibility, interpretability, extensibility, and
the range of techniques that can be applied in LLM-based systems.
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3 Study Design

We designed and conducted this study following established guidelines for systematic map-
ping studies (Petersen et al. 2008, 2015). Based on these guidelines, this section describes
the core aspects of our mapping study design. Specifically, we outline the research goal and
driving questions and describe the steps of our research methodology. A complete replica-
tion package is publicly available in Zhang et al. (2026), enabling independent replication
and validation of our study. The replication package contains the raw data from our search
and screening phase, a list of selected primary studies, raw data extracted from each primary
study, and the R scripts we developed for data exploration and analysis.

3.1 Research Goal and Questions

The primary goal of this systematic mapping study is to provide a comprehensive over-
view of the research landscape regarding the application of LLMs in MDE. Unlike existing
systematic literature reviews that focus on technical approaches and methods (Di Rocco
et al. 2025), we aim to map the broader research ecosystem. Rather than analyzing how
individual techniques work, we characterize where research attention is concentrated, what
technical configurations are prevalent, how artifacts are represented, and how the commu-
nity is structured across publication venues, geographic regions, and collaboration patterns.

This mapping study reveals what research topics and MDE tasks are being explored,
what technical approaches and LLM technologies researchers are using, and how they vali-
date their LLM-based approaches. We also examine the scale and distribution of research
activity, including publication venues and institutional participation. By mapping these
aspects, we can help researchers and practitioners understand where LLM4MDE currently
stands and identify promising directions for future work.

To achieve this goal, we formulated the following research questions:

RQ1: What are the main research topics, application focuses, and research contri-
bution types in LLM4MDE research? By answering RQ1, we can identify which MDE
tasks researchers are focusing on when applying LLMs—such as model generation, trans-
formation, or validation—and understand what application domains are being explored.
This helps us see where research attention is concentrated and which areas might be under-
explored. The findings provide a foundation for understanding the scope and priorities of
current work in LLM4MDE.

RQ2: What LLM technologies, interaction strategies, and system designs are
employed in LLM4MDE research? By answering RQ2, we can see what specific LLM
models researchers are using, how they access and configure these models, and what prompt
engineering and fine-tuning strategies they apply. Understanding these technical choices
reveals the current state of LLM adoption in the MDE community, and helps identify which
technologies and configurations are gaining traction as well as which remain underexplored.

RQ3: How are artifacts represented and processed as inputs and outputs in LLM-
4MDE approaches? By answering RQ3, we can understand how researchers represent
MDE models in formats suitable for LLM consumption, and what types of artifacts are used
as inputs and outputs. This helps us identify the common practices and technical conven-
tions for bridging MDE artifacts and LLM-based processing, and reveals which representa-
tion strategies are most prevalent in the community.
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RQ4: How are researchers validating existing LLM-based approaches for MDE?
By answering RQ4, we can see what aspects of LLM-based MDE approaches researchers
actually evaluate and how they do it. We then compare these practices against existing LLM
evaluation guidelines in SE to identify where gaps exist. Understanding these gaps is impor-
tant for developing more comprehensive evaluation approaches in this emerging area. We
also examine whether studies report the computational or financial cost of their approach,
as token consumption and API costs are relevant to the practical viability of LLM-based
solutions (Baltes et al. 2025).

RQS5: What are the current publication scale, distribution patterns, and growth
trends of LLM4MDE research? By answering RQS5, we can understand how the field
has grown over time and where research is happening. This includes looking at publica-
tion trends to see if the field is expanding or stabilizing, identifying which conferences and
journals are the main venues for LLM4MDE work, and mapping which institutions and geo-
graphic regions are most active in this area. These insights help us assess the maturity and
global reach of LLM4MDE research, concentration introduces structural gaps in research
focus or evaluation settings that future work should address.

3.2 Search and Selection Process

Figure 1 illustrates the main phases of the search and selection process of this study, as well
as the number of potentially relevant studies involved in each phase.

3.2.1 Initial Search

This study uses a multi-database search strategy to ensure complete literature coverage.
Based on the recommendations by Kitchenham and Brereton (2013) regarding search strat-
egies for systematic reviews in SE, we first selected four databases: IEEE Xplore Digi-
tal Library, ACM Digital Library, SCOPUS, and Web of Science. IEEE Xplore and ACM
Digital Library serve as the most important professional databases in SE. They can “ensure

Removal of
Non-Research  Application of
Papers and Selection Data

Duplicates Criteria Snowballing Extraction

452
IEEE Xplore 5

\4

. 38] ¥\ 1666 - 1358 ;45 ;89 ;86
Scopus + : s 3 <
] ] L 238 :
ScienceDirect ]

- 242

Web of Science

Fig. 1 Our search and selection process comprises five phases to search, identify, and process relevant
publications
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good coverage of important journals and conferences.” SCOPUS and Web of Science work
as general indexing systems. They provide broader academic literature coverage and meet
the recommendation to use “at least two general indexing systems.” Then we also include
ScienceDirect to further expand the search scope and reduce the risk of missing relevant
literature.

Listing 1 The search string.

1 | ( system modeling OR system architect OR model driven
engineering OR model-driven engineering OR MDE OR
model driven development OR model-driven development
OR MDD OR domain specific language* OR DSL*)

2 |AND

3 | ( large language model* OR LLM* OR generative AI OR pre-
trained language model* OR foundation model* )

The search string used to query the above data sources is shown in Listing 1. In order
to focus our attention on the main goal of the study, the search string was created based on
our goal and research questions. Specifically, our search string consists of two main parts,
which are linked by a logical AND relationship: the first part (line 1 in the list) targets the
discipline of model-driven engineering, and the second part (line 3) targets the discipline of
large language models. To have a high degree of confidence in the coverage of the search
string, we (1) included keywords related to their corresponding aspects in both parts based
on preliminary research and known preliminary research, (2) added synonyms for the added
terms, (3) added alternative spellings and acronyms for the added terms, and finally (4)
linked all the added terms by a logical OR relationship.

We applied the search string consistently across all databases, targeting titles, abstracts,
and keywords. While the search logic remained uniform, we adapted the query format to
meet the specific requirements of individual databases (refer to the replication package for
more details). ACM Digital Library and ScienceDirect offer built-in article type filters,
which we used to exclude non-research papers (e.g., editorials, prefaces). The search results
from these two databases represent post-filtering counts. The search was conducted in Sep-
tember 2025, covering publications from January 2020 onwards to focus on the recent rapid
development of LLM technologies. To ensure an unbiased selection process, we employed
a rigorous approach. Two different authors independently evaluated all the papers, and the
three senior co-authors thoroughly reviewed the entire selection process. The initial search
yielded 353 papers from ACM Digital Library, 452 from IEEE Xplore, 381 from Scopus,
238 from ScienceDirect, and 242 from Web of Science, totaling 1666 potentially relevant
studies.

3.2.2 Removal of Non-Research Papers and Duplicates

Due to the nature of the electronic databases and indexing systems, search results from
IEEE Xplore, Scopus, and Web of Science included items that were not research papers,
such as editorials, prefaces, keynote abstracts, and workshop summaries. While ACM Digi-
tal Library and ScienceDirect had already been filtered using their built-in article type func-
tionality, the other three databases required manual screening. Consequently, in this phase,
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we manually remove 235 duplicates as well as 73 non-research results to obtain a coher-
ent primary study of 1358 potentially relevant research studies. Eventually, the remaining
papers from the various databases are combined into a single dataset.

3.2.3 Application of Selection Criteria

In this phase, we consider all the potentially relevant studies and filter them according to a
set of well-defined selection criteria. The used selection criteria are reported below.

Inclusion Criteria

I1: Studies that apply, integrate, or evaluate LLMs for MDE tasks or activities.

12: Studies are written in English.

13: Studies including empirical evaluation, validation, or assessment of the proposed
approach.

14: Peer-reviewed studies published in journals, conferences, or workshops.

I5: Studies where LLMs play a substantial role in an MDE process.

Exclusion Criteria

I1: Secondary literature studies.

12: Studies for which full text is not available.

I3: Studies where MDE is being used merely as an application example or LLMs are being
used only for peripheral tasks.

Screening Process We adopted an adaptive reading depth strategy to ensure efficiency and
objectivity of the screening process (Petersen et al. 2008). For each study, we first exam-
ined the title. If the title clearly indicated that the study was unrelated to LLM or MDE,
we excluded it directly. If the title alone was insufficient for judgment, we further read the
abstract, introduction, and conclusion sections. For studies that still could not be determined
for inclusion, we read the full text before making a decision.

To reduce potential bias, we randomly assigned the 1358 studies to seven researchers for
review. Each study was screened independently by one researcher and verified by another
researcher. When the two researchers disagreed, a third researcher was involved to discuss
and reach consensus.

Following this screening process, we identified 45 studies from the 1358 potentially rel-
evant studies that satisfied all inclusion criteria and did not meet any exclusion criteria.
The criteria were applied sequentially, and a study was excluded as soon as one criterion
was not met. Table 1 reports the number of studies excluded at each step. The majority of
exclusions were due to I1 (1,257 studies), reflecting that most retrieved papers do not apply

Table 1 Number of studies excluded at each screening step, applied sequentially

11 12 13 14 15 El E2 E3 Remaining
Studies excluded 1,257 2 20 0 25 2 3 4 —
Studies remaining 101 99 79 79 54 52 49 45 45
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LLMs to MDE tasks or activities, either because they fall outside MDE entirely, outside
LLM research entirely, or because the two topics appear without substantive integration.

3.3 Snowballing

To reduce threats to construct validity and cover as many relevant studies as possible, we
adopted a snowballing approach to supplement the automatic search described above (Woh-
lin 2014). This snowballing phase was conducted in February 2026. Using the 45 studies
identified in the previous phase as the start set, we conducted backward snowballing and
forward snowballing. Backward snowballing examined the reference list of each seed study
to identify potentially relevant research; forward snowballing examined papers citing each
seed study through Google Scholar. Since some seed studies had a large number of upstream
and downstream citations, we adopted a preliminary screening strategy during the collection
phase. For each citation, if the title clearly indicated that the study was unrelated to LLM
or MDE, we excluded it directly; if the title appeared relevant or could not be determined
by title alone, we recorded it in a dedicated spreadsheet for further evaluation. This strategy
is consistent with Wohlin’s suggestion of conducting preliminary screening based on titles.

After candidate studies were collected, we first checked whether these studies duplicated
any of the previous 1358 studies and confirmed whether they were research papers (exclud-
ing editorials, prefaces, and other non-research content). Subsequently, we applied the same
inclusion and exclusion criteria as in Section 3.2.3, using the same execution approach: one
researcher screened independently and another researcher verified. When the two research-
ers disagreed, a third researcher was involved to discuss and reach consensus. Given that
LLMA4MDE is a rapidly evolving area, forward snowballing retrieved a number of recent
studies that had not yet appeared in peer-reviewed venues at the time of our search and were
therefore excluded under criterion 14 (e.g., Zhang et al. 2026). As most studies in this field
were published after 2023, their citation relationships are still sparse. After conducting one
round of snowballing on the start set, the newly identified studies primarily cited research
that had already been covered, and the marginal benefit of additional iterations was limited.
Therefore, the snowballing process terminated after one round.

Through the snowballing phase, we added 44 new studies, totaling 89 primary studies
together with the 45 studies identified previously. However, among these 89 primary stud-
ies, some were journal extensions of preliminary studies already included. Therefore, we
merged these 89 studies into 86 unique primary studies for subsequent analysis of research
content.

3.4 Data Extraction

To collect data from the 86 primary studies, we designed a data extraction form comprising
43 fields organized into five facets, each addressing one research question. The complete
list of fields, together with their dimensions and corresponding research questions, is sum-
marized in Table 2. Detailed definitions and example values for all fields are provided in the
replication package (Zhang et al. 2026).

The data extraction form was developed by the research team through a collaborative
process grounded in the research questions. For each research question, the relevant dimen-
sions and fields were identified through team discussion, drawing on the authors’ prior
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Table 2 Classification frame- RQ  Dimension Fields
work used in this study RQ1 Research context MDE task type, specific industry domain,

modeling language, modeling language
classification, research contribution type

RQ2 LLM LLM model used, LLM access catego-
configuration ries, LLM access level
LLM interaction Prompting strategy, LLM sampling strat-
strategy egy, RAG strategy, fine tuning applied
System Autonomy level, execution structure,
architecture integration with MDE tools
Human Human involvement
involvement
RQ3 Input Input artifact type, input artifact cat-
egories, input data type, input model
representation format
Output Output artifact type, output artifact cat-
egories, output data type, output model
representation format
RQ4 Evaluation Evaluation type, evaluation metrics,
design baseline comparison, dataset type, data-
set size, human evaluation included
Rigor & validity ~ Reproducibility support, cost efficiency
evaluated, threat to validity discussed,
LLM limitations reported, approach
limitations reported
RQS5  Publication Publication year, publication venue,
metadata venue type, venue rank or tier
Authorship & Author affiliations, author countries, col-
collaboration laboration type, funding acknowledged

knowledge of both LLM and MDE research. The initial form was subsequently refined as
primary studies were analyzed: new field values were introduced where existing categories
proved insufficient, overlapping categories were merged, and ambiguous definitions were
clarified. Whenever the form was revised, studies analyzed in earlier iterations were re-
examined to ensure that all classifications reflected the updated definitions. This iterative
approach to form development is consistent with established practices in systematic map-
ping studies (Petersen et al. 2008).

The dimensions and fields in the extraction form were derived through two complemen-
tary routes. For fields where established classifications existed in the literature, we adopted
them directly: Research Contribution Type follows the framework proposed by Shaw (2003),
extended with an additional Benchmark/Dataset category to account for contribution types
prevalent in LLM research; Input Data Type and Output Data Type are classified according
to ISO/TR 8344 (ISO 2024); and Evaluation Type follows the categories defined by Kitch-
enham (1996). The classification of MDE Task Type is grounded in established MDE litera-
ture and introduced in Section 2.1. For fields where no established classification existed, we
developed category schemes through iterative team discussion during the pilot extraction
phase. Starting from a shared reading of a subset of primary studies, we collected recurring
concepts and keywords, clustered them into candidate categories, and refined the groupings
across multiple rounds until stable definitions were reached. Fields developed through this
process include Modeling Language Classification, LLM Access Categories, LLM Access
Level, Execution Structure, Human Involvement, Input Artifact Categories, Output Artifact
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Categories, Dataset Type, and Reproducibility Support. For each of these fields, detailed
definitions and example values are provided in the replication package (Zhang et al. 2026).

Data extraction was conducted collaboratively by the research team. Each primary study
was assigned to one team member, who read the paper in full and populated all fields of
the extraction form. Each completed extraction was then independently reviewed by a sec-
ond team member (Petersen et al. 2015). Disagreements identified during this review were
resolved through discussion between the two team members; cases that remained unre-
solved were escalated to a senior author for arbitration. This practice of cross-checking
extractions among multiple researchers is consistent with recommended strategies for data
extraction in systematic mapping studies (Petersen et al. 2015).

It is worth noting that some fields admit multiple values for a single study (Petersen et al.
2015). For example, a paper may apply more than one prompting technique, or target more
than one MDE task type. In such cases, all applicable values were recorded. Where a field
was not discussed or could not be determined from the paper, it was recorded as “not speci-
fied” and included in the analysis as a distinct value, as the frequency of non-reporting is
itself an informative finding reflecting reporting practices in the field.

3.5 Data Synthesis

To synthesize the data extracted from the 86 primary studies, we applied frequency count-
ing and co-occurrence analysis as the primary methods, following established practices in
systematic mapping studies (Petersen et al. 2008, 2015). Frequency counts were used to
characterize the distribution of individual field values across the primary studies, while co-
occurrence matrices were used to examine how values across related fields appear together
within the same study. Where applicable, we also computed phi coefficients to quantify
pairwise associations between binary validation practice dimensions (Section 4.4). The
classification schemes underlying our extraction fields vary in their source and degree of
formalization, as described in Section 3.4.

For both the input and output sides, artifacts are recorded at two levels of granularity,
and it is worth clarifying how these two levels differ. The Artifact Type fields (Input Artifact
Type and Output Artifact Type) capture the concrete kind of artifact reported in a study, such
as requirements and user stories, models, metamodels and diagrams, DSL grammars, or
executable code. The Artifact Category fields (Input Artifact Categories and Output Arti-
fact Categories) abstract these types into three coarse-grained families: natural-language
artifacts, modeling artifacts, and code artifacts. The type level preserves the specific ter-
minology used in the primary studies, whereas the category level groups artifacts that play
a comparable role so that they can be compared across studies. For example, requirements
and user stories and other free-text descriptions are recorded under distinct artifact types
but share the natural-language category, while UML class diagrams and Ecore metamod-
els map to different types but the same modeling category. Because a study may process
more than one kind of artifact, a single study can be assigned multiple types and multiple
categories.

Several of the above fields require the extractor to exercise judgment in selecting one or
more values based on the content of the paper, rather than mechanically mapping reported
information to a category. To support consistent judgment across extractors, we established
cross-field consistency rules during the extraction process. For instance, if the MDE task
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performed by an LLM in a paper is classified as Model Generation, then the output of at
least one LLM process in that paper must be a model (whether expressed as a serialized
representation or a textual description). Rules of this kind were documented and applied
throughout the extraction process to ensure that classifications across related fields remain
mutually coherent.

4 Results
4.1 Research Topics and Application Focuses (RQ1)

To address RQ1, we analyze the research topics and application focuses of LLM4MDE
studies across three dimensions: the MDE tasks that LLMs are applied to, whether the stud-
ies target a specific industry domain, and the modeling languages involved. We also exam-
ine the types of research contributions made by the primary studies.

As shown in Fig. 2, Model Generation is the most frequently addressed task, appearing
in 62 of the 86 primary studies, while all other tasks each account for fewer than 15 papers.
This indicates that current LLM4MDE research is heavily focused on generation, leaving
tasks such as Model Migration (three), DSL Engineering (three), and Metamodeling (one)
unexplored. As shown in Fig. 3, 76.7% of the papers address a single task, while 23.3%
address multiple tasks in combination. The co-occurrence matrix in Fig. 4 reveals that the
most frequent task pairings involve Model Generation combined with Model Validation
(seven papers) and with Model Transformation (five papers), suggesting that researchers
often couple generation with quality assurance or transformation processes. Other pairings
are sparse, indicating that cross-task research remains limited.

Beyond task distribution, we also examine the application context of these studies. Fig-
ure 5 shows that 64% of the primary studies (n=55) are not tied to a specific industry domain,
while 36% (n=31) are applied to or motivated by an industrial context. This suggests that
the majority of LLM4MDE research targets SE or MDE tasks in general, without grounding
in a particular industry setting, while industry-specific applications remain a minority. The

Model Completion / Repair _ 12
Model Validation ~[ 11

Model Transformation 10
Code Generation 5
Model Migration . 3
DSL Engineering . 3

Metamodeling Il

0 10 20 30 40 50 60 70
Number of Papers

Fig. 2 Distribution of MDE task types across the selected papers. (N=86, labels may overlap)
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former category includes, for example, studies that assess LLM capabilities for generating
UML class diagrams and assisting software modelers without targeting any specific sector
(Camara et al. 2023). Figure 6 further breaks down industry applicability by task type. In
terms of industry share within each task type, Model Completion/Repair shows the highest
proportion (6/12, 50.0%), followed by Code Generation (2/5, 40.0%), Model Generation
(23/62, 37%), and Model Validation (4/11, 36%).

Regarding the modeling languages involved, Fig. 7 shows that Standard General-Pur-
pose Modeling Languages (GPML) appear in 49 papers (57%), followed by Domain-Spe-
cific Modeling Languages (DSML) in 38 papers (44%) and Metamodeling and Modeling
Framework Languages (MFL) in ten papers (12%). The dominance of GPML reflects a
tendency to apply LLMs to well-established languages such as UML and SysML (Object
Management Group 2019), for which large training corpora exist.
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Fig. 6 Industry-domain applicability by MDE task type. Cell values report counts and within-task shares

Fig. 7 Distribution of modeling language
categories across the 86 primary studies
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This distribution also varies across task types. As illustrated in Fig. 9, Model Generation
relies primarily on GPMLs (35/62, 56.5%) and secondarily on DSMLs (27/62, 43.5%), with
MFLs remaining marginal (6/62, 9.7%), whereas Model Validation is even more strongly
concentrated on GPMLs (9/11, 81.8%).

The co-occurrence matrix in Fig. 8 shows that GPML and DSML co-occur in six papers,
as do GPML and MFL in five papers, while DSML and MFL do not co-occur, suggest-
ing that work on metamodeling infrastructure and work on DSLs are treated as separate
concerns in current research. The low share of MFL is consistent with the finding in Fig. 2
that Metamodeling accounts for only one paper, confirming that LLM applications at the
modeling language infrastructure level are limited to a small fraction of the primary studies

(Fig. 9).
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Fig. 8 Co-occurrence of modeling GPML DSML MFL
language categories across 86 selected ! [ 1
primary studies
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Fig. 9 Modeling language categories by MDE task type across 86 selected primary studies. Cell values
report counts and within-task shares

It is also worth noting that Procedure/Technique is the dominant contribution type (53
papers, 62%), with 32 of these papers combining it with one or more additional contribution
types, as shown in Fig. 10. Tool/Prototype is the second most frequent type (27 papers),
followed by Qualitative/Descriptive Model (20 papers), Benchmark/Dataset (14 papers),
Report/Observation (14 papers), and Specific Solution/Case Study Result (ten papers). The
prevalence of Procedure/Technique contributions, frequently accompanied by tool imple-
mentations, indicates that most LLM4MDE studies propose a concrete LLM-based method
or technique alongside a tool prototype, such as Silva et al. (2025). Notably, Empirical
Model and Analytic Model are absent from all 86 studies, suggesting that formal theoretical
contributions have yet to emerge in this field.

These contribution types are not uniformly distributed across application domains
(Fig. 11). Studies targeting a specific industry domain are more likely to contribute Tool/
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Fig. 10 Distribution of research contribution types across the 86 primary studies, classified following
Shaw (2003) and extended with Benchmark / Dataset. Each bar is divided into papers contributing solely
that type (light blue) and papers combining it with one or more additional types (dark blue)
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Fig. 11 Research contribution types by application focus across 86 primary studies. Labels report counts
and within-group shares for industry-specific and general-domain studies

Prototype and Qualitative/Descriptive Model artifacts (39% and 42% of industry-domain
studies, respectively), whereas General-domain studies more frequently contribute
Benchmark/Dataset artifacts (22% vs. 6% in Industry-specific work). A similar contrast
appears across task types. As shown in Fig. 12, Model Transformation papers are more
likely to include a Benchmark/Dataset contribution (50.0%) than Model Generation
papers (9%), while Model Generation remains more centered on Procedure/Technique
contributions.
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Fig. 12 Research contribution types in the MDE task groups Model Generation and Model Transforma-
tion. Bar lengths report within-group shares, and labels report counts and shares

Answer to RQ1 LLM4MDE research is heavily concentrated on Model Generation (62 of
86 papers), while Model Migration (three), DSL Engineering (three), and Metamodeling
(one) remain marginal. Most studies address a single MDE task (76.7%), and multi-
task combinations are sparse; where they occur, Model Generation paired with Model
Validation (seven papers) and with Model Transformation (Mve papers) are the most
frequent. The majority of studies (64%) are not grounded in a speciXc industry domain,
though Model Completion/Repair shows the highest industry share among single-task
types (50%). Regarding modeling languages, GPMLs appear most frequently (57%),
followed by DSMLs (44%) and MFLs (12%); DSML and MFL do not co-occur, suggesting
that work on DSLs and on metamodeling infrastructure are treated as separate concerns.
In terms of research contribution, Procedure/Technique is the dominant type (53 papers,
62%), while Empirical Model and Analytic Model are absent from the entire primary
studies.

4.2 LLMTechnologies, Interaction Strategies, and System Designs (RQ2)

In answering RQ2, we analyze the technological profile of the LLM4MDE literature
along eleven dimensions: LLM models used, LLM access categories, LLM access level,
Prompting Strategy, LLM sampling strategy, retrieval-augmented generation (RAG) strat-
egy, fine-tuning applied, autonomy level, execution structure, integration with MDE tools,
and human involvement in the LLM processes. These dimensions reveal how LLMs are
selected, accessed, and orchestrated in current research practice. As some dimensions admit
multiple values per study, category totals can exceed 86.

The model landscape is heavily dominated by the OpenAl family. As shown in Fig. 13,
OpenAI models appear in 74 of the 86 studies (86.0%). Although the primary studies cover a
broad range of model families, including Llama, Mistral, Claude (Anthropic 2023), Gemini,
and DeepSeek, their combined presence remains far smaller than that of OpenAdl models.
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Fig. 13 Distribution of LLM model families used across 86 selected primary studies (Multiple labels
allowed)

This imbalance is consistent with a broader pattern observed in LLM4SE research (Hou
et al. 2024). The dominance of OpenAl models coincides with the public releases of Chat-
GPT (OpenAl 2022) and GPT-4 (Achiam et al. 2023), which marked a period of rapid
growth in LLM adoption across SE research. Regarding how these models are accessed,
remote APIs are by far the dominant access mode, appearing in 47 studies, while web inter-
faces are reported in 20 studies and inference engines in 12 studies. Self-hosted APIs, in con-
trast, are observed in only three studies (Fig. 14). Turning to access level, black-box access
is the dominant mode, appearing in 52 studies (60.5%), followed by grey-box access in 29
(33.7%) and white-box access in only eight (9.3%) (Fig. 15). These findings suggest that
most LLM4MDE approaches are built on top of externally hosted platforms, with limited
use of self-managed deployment or model-level transparency.

Prompt engineering is the primary mechanism through which studies adapt LLM behav-
ior to MDE tasks. As shown in Fig. 16, few-shot prompting is the most frequently reported
strategy, appearing in 42 studies, followed by iterative refinement in 31 and zero-shot
prompting in 26. More deliberative or role-oriented strategies are less common, including
chain-of-thought in 16 studies and role-playing in 12, while approaches such as tree-of-
thoughts and contextual prompting appear rarely. Beyond prompt engineering, other mecha-
nisms for customizing model behavior are rarely employed. Fine-tuning is applied in only
nine studies (10.5%), with 77 studies (89.5%) explicitly reporting no fine-tuning (Fig. 17).
RAG strategies are less prevalent: 77 studies (90%) specify no retrieval mechanism, while

Fig. 14 Distribution of reported LLM ‘
access categories across 86 selected Remote API - n=47

primary studies
Web Interface ﬂ n=20
Inference Engine H n=12

M Single access category
Combined with other categories

Self-hosted API- - n=3
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o
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Fig. 15 Distribution of reported LLM access levels across 86 selected primary studies
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Fig. 16 Prompting strategies applied across 86 primary studies

example retrieval, document retrieval, and metamodel retrieval together account for only
ten studies (Fig. 18). LLM sampling strategies are poorly reported: 56 studies (65%) specify
no sampling strategy at all, and among those that do, temperature-based sampling is the
most common approach, appearing in 24 studies (28%) (Fig. 19).

A further dimension concerns the level of autonomy given to these systems. As shown
in Fig. 20, the reviewed literature is overwhelmingly non-agentic: 83 of the 86 studies
(96.5%) fall into this category, whereas only three studies (3.5%) adopt an agentic design.
This indicates that most approaches still operate within fixed, researcher-defined workflows
in which the LLM is expected to generate outputs inside a predetermined control structure.
The three agentic studies are not evenly distributed across tasks: they cover Model Genera-
tion, Model Transformation combined with Model Validation, and Metamodeling combined
with DSL Engineering, respectively. Two of the three are multi-task studies, and all three
combine agentic behavior with tool-augmented execution and human-in-the-loop interac-
tion, suggesting that, in the cases observed, agentic designs appear in scenarios that require
coordination across multiple steps or artifacts rather than in routine single-task settings.
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Fig. 17 The use of fine-tuning technology across 86 Fine-tuned
selected primary studies (n=9, 10.5%)
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Fig. 18 Reported retrieval-augmented generation strategies across 86 selected primary studies
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Fig. 19 Reported LLM sampling strategies across 86 selected primary studies
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Fig. 20 Autonomy level of LLM approaches across 86 selected Agentic
primary studies (n=3, 3.5%)
N=86

Non-agentic
(n=83, 96.5%)

Capabilities such as planning, autonomous redirection, or tool-driven decision making are
rarely explored in current LLM4MDE research.

The predominance of non-agentic systems does not mean that these workflows are
structurally simple. As shown in Fig. 21, iterative execution is the most common structure,
appearing in 44 studies, while pipeline and tool-augmented structures are each reported
in 26 studies. Single-pass execution appears in 35 studies. As shown in Fig. 22, execu-
tion structure and prompt engineering often co-vary. Among the 31 papers using iterative
refinement, 25 also adopt iterative execution, and 25 of the 44 iterative-execution papers
explicitly employ iterative refinement. It is worth noting that iterative refinement and itera-
tive execution operate at different levels: iterative refinement is a prompting strategy in
which the LLM is prompted multiple times to progressively improve its output, whereas
iterative execution is a system-level structural choice in which the overall workflow runs in
repeated cycles. By contrast, chain-of-thought prompting does not show a similarly strong
association with single-pass execution: only six of 16 chain-of-thought papers are single-
pass, while 11 are iterative. The clearer single-pass pairing is zero-shot prompting, which

terative 1 I, - <+
Single-pass - “ n=35
Tool-augmented 7 “ n=26 Only this execution structure

Il Combined with other structures

0 10 20 30 40 50 60
Number of Papers

Fig. 21 Execution structures adopted across 86 selected primary studies
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Fig. 22 Execution structures by prompting strategy across 86 selected primary studies

co-occurs with single-pass execution in 18 of 26 papers. Even when agentic autonomy is
avoided, staged processing and iterative prompting remain common strategies for improv-
ing reliability and managing task complexity. These findings suggest that the dominant
design logic in LLM4MDE is not autonomous agency, but structured orchestration around
the model: the workflow itself, rather than the autonomy of the LLM, is where most of the
methodological complexity in current approaches is concentrated.

We also examine how far these approaches move beyond standalone prototyping and into
actual MDE environments. Figure 23 shows that the large majority of the primary studies
are implemented as standalone approaches: 75 out of 86 papers (87.2%) are not integrated
with an existing MDE toolchain, suggesting that most current approaches treat LLMs as
external components rather than as native capabilities of established MDE tooling.

Turning to the role of humans in these workflows, we found that human participation
is common across the literature (Fig. 24). Post-hoc human review is the most common
mode, appearing in 38 papers, followed by human-in-the-loop interaction in 34 papers. By
comparison, only 11 papers report no human involvement at all, while ten papers rely on
human-provided input only. In post-hoc human review, humans validate or approve LLM-
generated outputs as a necessary step before they are considered complete. For example,
in Rizzi et al. (2025), expert reviewers assess the generated multidimensional schemata
against ground truths after each experimental run. In Auman-in-the-loop interaction, humans
intervene dynamically during the LLM process by providing iterative feedback or correct-
ing intermediate outputs. For example, in Kong et al. (2025), human analysts prune candi-

Fig. 23 The integration of LLM and MDE tools in 86 Embedded
selected primary studies (n=11, 12.8%)

Standalone
(n=75, 87.2%)
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Fig. 24 The human involvement in the LLM process in 86 selected primary studies

date modification ranges and review generated code before the workflow proceeds to the
next stage. Human-provided input only refers to cases where humans supply the initial input
but have no further involvement in the process. For example, in Zhang et al. (2025), once
the prompt is finalized, the co-evolution workflow runs fully automatically without further
human intervention. Post-hoc human review and human-in-the-loop interaction co-occur in
seven papers, suggesting that in a subset of the literature, human participation is distributed
across multiple stages of the workflow rather than limited to one stage. These patterns also
vary across MDE task types, as illustrated in Fig. 25. Code Generation, DSL Engineering,
Meta-modeling, and Model Validation have no paper coded as No Human Involved. The
rates of Human-in-the-Loop (36%) and Post-Hoc Human Review (45%) of Model Valida-
tion are close to those of Model Generation (35% and 48%, respectively), indicating that
validation is not more human-intensive than generation in relative terms. Code Generation
shows a different profile: all five papers in this category involve Human-in-the-Loop inter-
action, and none report No Human Involved. The most automated profile appears in Model
Migration, where two of three papers report No Human Involved, while among the better-
represented categories. Across task types, human oversight remains a common feature of
current LLM4MDE workflows, whether during generation or at the output review stage.
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Fig. 25 Human involvement by MDE task type across 86 selected primary studies. Cell values report
counts and within-task shares
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Answer to RQ2. The technological proXle of current LLM4MDE research is charac-
terized by reliance on externally accessed, black-box foundation models and prompt
engineering, with limited engagement in Kne-tuning, RAG, or tool integration. OpenAl
models appear in 74 of 86 studies (86.0%), with the GPT-4 family alone accounting
for 51 (59.3%). Black-box access is reported in 52 studies (60%). Among prompt engi-
neering strategies, few-shot prompting is the most common (42 studies), followed by
iterative refinement (31 studies) and zero-shot prompting (26 studies). By contrast, fine-
tuning is applied in only nine studies (10.5%) and RAG in ten. At the system execution
level, iterative execution is the most frequent structure (44 studies, 51%), and only three
studies (3.5%) adopt an agentic design. This suggests that the dominant design logic in
LLM4MDE is structured orchestration around the model rather than autonomous agency.
Most approaches remain standalone prototypes (75 studies, 87.2%) rather than being
embedded in MDE toolchains, and human participation through post-hoc review (38
studies, 44%) or human-in-the-loop interaction (34, 40%) is reported across the primary
studies.

4.3 Artifact Representation and Processing in LLM4MDE Approaches (RQ3)

To answer RQ3, we examine how artifacts are represented as they enter and leave LLM
processes in LLM4MDE research. Because individual studies may use more than one input
artifact type, the input-side counts reported below are not mutually exclusive. They indicate
whether a type appears in a study’s LLM-based workflow, rather than implying that each
study relies on a single input or that all reported inputs are provided to the LLM in one step.

On the input side, the literature remains oriented toward requirements-related text. As
shown in Fig. 26, the largest input type is requirements and user stories, which appears
in 54 of the 86 studies (63%). This type is not only common on its own, with 33 papers,
but combining with other inputs is also common to see, appearing in 21 additional studies
alongside model or contextual artifacts. Models, metamodels, and diagrams form the type
with the second largest count, i.e., 40 papers (47%), but more often appear in combination

Requirements & | 33 21 n=54
user stories
Models, | =
Domain/process/legal | 4 n=13
descriptions

Documentation & | 7 n=7
context

Code, schemas {5 BEW _5
& prompts

Traces, ogs & graph {NGNH s Single artifact type
B Combined with other artifact types

T T T

T
0 10 20 30 40 50 60
Number of Papers

Fig. 26 Input artifact types across 86 selected primary studies. The stacked bars distinguish studies that
use a type alone from those that combine it with other input artifact types
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with other input types (26 papers) than in isolation (14 papers). We categorized them, and
the results are shown in Fig. 27. It shows that natural-language artifacts dominate the input
artifact category, appearing in 67 studies (78%), whereas modeling artifacts appear in 41
studies (48%). Their co-occurrence is notable, with 24 studies using both, but combina-
tions involving code remain rare. These results suggest that natural-language artifacts are
the most common component of the input configurations reported in current LLM4MDE
approaches, with model artifacts appearing regularly but more often in combination with
other inputs than in isolation.

The data type and format results reinforce this finding. Figure 28 shows that unstructured
input is by far the most common data type, appearing in 70 studies (81%), compared with
35 studies (41%) using semi-structured input and only 12 studies (14%) using structured
input. The most common to see mixed configuration is the combination of unstructured and
semi-structured data, which occurs in 21 studies. Figure 29 corroborates this: more than half
of the studies, 48 out of 86 (56%), do not rely on any explicit model representation format at
input time. Among the studies that do specify one, JSON and PlantUML are more common
than XMI/Ecore. This suggests that studies often report them through prompt-compatible
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mm  No explicit format (n=48, 56%)
mu JSON (n=10, 12%)
m PlantUML (n=9, 10%)
mm Textual / structured text (n=5, 6%)
Textual DSL notation (n=5, 6%)
XMI/Ecore (n=5, 6%)

Hybrid / other specific (n=3, 3%)
Process / event notation (n=1, 1%)

X

Fig. 29 Distribution of input representation formats. Categories are non-exclusive; the dominant slice cor-
responds to studies reporting no explicit model representation format, which does not imply the absence
of model-related input

textual or lightweight structured forms rather than through explicitly stated native MDE
encodings.

The output side covers a wider range of artifact types, but it remains centered on model-
related results. As shown in Fig. 30, models and diagrams appear in 66 studies (77%),
making them the dominant output family by a wide margin. This family is almost evenly
split between standalone use, with 32 papers, and combined use, with 34 papers, indicating
that model-oriented output is often the primary reported result, sometimes accompanied by
other artifact types. Beyond this dominant family, the literature studies cover DSL gram-
mars, instances, and formal specifications (18 studies), traceability- or suggestion-oriented
outputs (17 studies), and code or executable artifacts (15 studies). The category-level view
in Fig. 31 shows a similar distribution. Modeling artifacts appear in 68 studies (79%), far
exceeding code artifacts with 15 studies (17%) and natural-language artifacts with 10 stud-
ies (12%). Even when outputs are combined, they usually remain within the modeling cat-
egory rather than shifting away from it. Viewed across the full LLM process, this dominant

Models &
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Code & executable
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Fig. 30 Output artifact types. The stacked bars separate studies in which a type is the sole output type
from studies that combine it with other outputs
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Fig. 31 Co-occurrence matrix for
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output profile is consistent with the input-side finding that natural-language artifacts are the
most frequent input type. As shown in Fig. 32, 55 of the 67 studies using natural-language
artifacts as input (82%) still produce modeling artifacts as output, suggesting that current
LLM4MDE approaches are largely organized around a text-to-model pattern rather than a
model-to-model one.

The output representation formats reflect the same tendency. Figure 33 shows that semi-
structured output is the dominant case, appearing in 59 studies (69%) (Fig. 34), whereas
structured output appears in 20 studies (23%) and unstructured output in 16 studies (19%).
Cross-type combinations are uncommon, which suggests that many approaches end with
semi-structured rather than fully structured outputs. Figure 35 makes this point more
explicit. Although the output side is more explicit than the input side, no explicit format is
still the largest family with 32 studies (37%). PlantUML, textual DSL notations, JSON, and
other lightweight textual formats are more visible on the output side than on the input side,
but XMI/Ecore remains a minority choice.

Comparing input and output data types reveals a similar degree of partial formalization.
As shown in Fig. 34, 47 of the 70 studies with unstructured input (67%) produce semi-
structured output, whereas ten of the 12 studies with structured input (83%) retain structured
output. This indicates that LLM processes beginning from free-text artifacts often move

Rows = Input artifact categories | Columns = Output artifact categories

Natural-language Artifact (n=67){ 8 (12%) 10 (15%) 2 (3%) 60 §
Modeling Artifact (n=41){ 7 (17%) 8 (20%) 2 (5%) o0 3
Q
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20 3
Other Artifact (n=3) { - - 1(33%) 2
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pef® @ @ o
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Fig.32 Input-to-output artifact category alignment. Rows denote input categories, columns denote output
categories in the same primary studies, and cell values report counts and within-input shares
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Fig. 35 Distribution of output representation format families across 86 selected primary studies
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toward semi-structured results, while LLM processes starting from structured artifacts are
more likely to preserve that level of structure.

A similar pattern can be observed at the format level. As shown in Fig. 36, four of the five
studies using textual DSL notation as input (80.0%) also output textual DSL, and five of the
ten studies using JSON as input (50.0%) retain JSON at output. By contrast, only two of the
five studies using XMI/Ecore as input (40.0%) preserve XMI/Ecore at output. This suggests
that lightweight textual formats are more often maintained across LLM-based workflows
than native MDE exchange formats in the studies examined. In other words, when explicit
formats are used, lightweight textual representations are more common than native MDE
exchange formats.

Answer to RQ3. Overall, the evidence suggests that current LLM4MDE processes are
characterized by natural-language-dominant inputs and model-oriented outputs. Inputs
are most often requirements, user stories, and other natural-language artifacts, sometimes
supplemented with model context, while outputs are usually model-related but frequently
expressed in PlantUML, JSON, textual DSLs, or other semi-structured formats rather than
in native MDE exchange formats. The cross-stage results reinforce this pattern: studies
with unstructured input often move to semi-structured output, whereas studies with struc-
tured input usually retain structured output; similarly, lightweight textual formats such
as textual DSLs and JSON are more often preserved across the process than XMI/Ecore.
These Kndings indicate that current LLM4MDE research more often represents artifacts
in forms suited to LLM prompting than in forms directly reusable by MDE toolchains.

4.4 Validation Practices and Evaluation Design (RQ4)

To address RQ4, we examine how researchers validate LLM-based approaches for MDE
by looking at the kinds of evaluation studies they conduct, the baselines they choose, the
datasets and metrics they rely on, and a broader set of validation practices that reflect the
maturity of empirical assessment. We then relate these validation choices back to the task
types, prompting strategies, execution structures, and human involvement levels identified
in RQ1, RQ2, and RQ3.

No explicit format (n=48) 17 (35%) 9 (19%) 5 (10%) 6 (12%) 2 (4%) 9 (19%)
PlantUML (n=9) 2 (22%) — — - 1(11%) ® g
JSON (n=10) 2 (20%) 1 (10%) 5 (50%) — - 2 (20%) 60 ;7
Textual DSL (n=5) 1 (20%) — — — — 20 E;
XMI/Ecore (n=5) - - - B0 B 20 :
Other/specific (n=9) 3 (33%) — — 1(11%) —
T T T T T 0
\Y e G
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Fig. 36 Input-to-output representation-format alignment. Rows denote input format families, columns
denote output format families in the same primary studies, and cell values report counts and within-input
shares
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Fig. 37 Distribution of evalua-
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As shown in Fig. 37, current validation practice in LLM4MDE is centered primarily on
quantitative experimentation. Among the 86 primary studies, 66 report quantitative experi-
ments, more than comparison studies (32), case studies (21), or user studies (11), while con-
trolled experiment and benchmarking studies appear in only one paper each. Because papers
may adopt more than one evaluation type, these counts exceed 86. Overall, this distribution
suggests that the field relies mainly on automatically computed measures over generated
artifacts, whereas more human-centered forms of evaluation remain less common.

This emphasis on quantitative assessment is also reflected in baseline design. Figure 38
shows that 36 papers (42%) do not include any baseline at all, evaluating the proposed
approach in isolation. For example, Camara et al. (2023) assess ChatGPT’s UML modeling
capabilities by directly recording success rates and error patterns across prompting ses-
sions, without comparing against any reference method. When a comparison is provided,
the most common reference point is human or manual performance (19 papers), followed by
traditional or rule-based approaches (14 papers). For example, Hachm et al. (2025) compare
their LLM-based transformation agent against a baseline agent using only generic transfor-
mation tools, measuring tool selection accuracy across 1,200 instructions. By contrast, only

Fig. 38 Distribution of baseline Other LLM
comparison categories across the approoach
86 primary studies (4, 5%)

Other
(13, 15%)

No baseline
(36, 42%)
N=86 Traditional
/ rule-based
(14, 16%)

Human /
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four papers compare against other LLM-based approaches, while 13 papers rely on other
forms of comparison. The “Other” category includes comparison settings that do not fall
into the human/manual, traditional/rule-based, or other-LLM categories, such as ablation
variants of the proposed approach, alternative prompt or configuration variants, task-spe-
cific comparison tools, or mixed comparison settings. Taken together, these results suggest
that many studies provide limited evidence about relative improvement, which makes it
harder to compare results across studies and to assess claimed advances.

A similar pattern appears in the choice of datasets used to assess the proposed LLM-
based approaches. As shown in Fig. 39, benchmark and synthetic datasets are the most
frequently used categories (more than 20 papers each), while industrial datasets appear in 18
papers. Open-source or public datasets are used in 12 papers, 13 papers rely on other data-
sets and another seven papers do not specify the dataset type. The “Other” dataset category
refers to evaluation data that could not be classified as benchmark, synthetic, industrial,
or open-source/public data, such as paper-specific curated examples, tutorial or documen-
tation-derived examples, examples taken from previously published studies, or heteroge-
neous collections assembled from multiple sources. This pattern suggests that researchers
often favor controlled settings in which evaluation conditions can be managed more easily,
although the use of industrial data in 18 studies shows that real-world applicability is exam-
ined in a subset of the literature.

The metrics reported in the literature reflect both general-purpose performance assess-
ment and domain-specific evaluation criteria. Figure 40 shows that Accuracy is the most
common metric (31 papers), followed by syntactic correctness (29), semantic correctness
(26), F1-score (22), and precision and recall (20 each). The most frequently reported metrics
therefore combine standard information-retrieval measures with criteria specific to MDE,
reflecting concern with both the statistical quality of the generated output and its confor-
mance to modeling language constraints. At the same time, the appearance of metrics such
as completeness (seven), cosine similarity (four), consistency (three), and hallucination rate
(two) shows that a smaller set of studies also examines the semantic fidelity and reliability
of LLM-generated models.

Looking beyond datasets and metrics, the broader validation practices summarized in
Fig. 41 show uneven adoption across methodological dimensions. Eighty-one papers men-
tion approach limitations, making it the most widely adopted practice, while 72 papers men-
tion LLM-specific limitations, 63 papers report human evaluation, and 61 papers report
reproducibility support.

Threats to validity is provided in 49 papers, meaning that around half of the primary stud-
ies still offers no clear threats to validity discussion. The least frequently reported dimen-

Fig. 39 Distribution of dataset types used for
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Fig. 40 Most frequently reported
evaluation metrics across the 86 Accuracy {1

primary studies Syntactic correctness -GGG 29
Semantic correctness - 26
F1l-score |22
Precision I 20
Recall {20
Completeness 7
Cosine similarity 4

Evaluation Metric

Consistency -3
Hallucination rate M2
Exact match -2
BLEU i1

10 20 30
Number of Papers

Number of Papers
N B OO
o O O o

o

Validation Dimension

Fig. 41 Overview of six validation practices across the 86 primary studies

sion is cost efficiency: only 21 papers evaluate the computational or financial cost of their
approach, whereas 65 do not. Given the practical importance of deployment costs in indus-
trial MDE settings, this omission is consistent with concerns raised in recent guidelines for
empirical SE studies involving LLMs (Baltes et al. 2025).

To examine the pairwise association between validation practices, we compute the phi
coefficient (¢), a correlation measure for two binary variables. In this analysis, each valida-
tion practice is represented as a binary indicator denoting whether the corresponding prac-
tice is reported in a primary study. The value of ¢ ranges from —1 to 1: positive values
indicate that two practices tend to co-occur, negative values indicate that the presence of
one practice is associated with the absence of the other, and values close to zero indicate
weak or no association. We use ¢ only for the validation-practice matrix because the pur-
pose of this analysis is to compare the strength and direction of association between pairs
of binary reporting practices. In contrast, the matrices in Figs. 34 and 36 describe input-to-
output alignment patterns, where the absolute number of studies and within-input shares are
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more directly interpretable than a normalized association coefficient. When these validation
practices are examined together, only a few clear co-occurrence patterns appear. Figure 42
shows that the strongest relationship is between reporting threats to validity and reporting
reproducibility support (¢ = 0.48), suggesting that papers providing reproducibility materi-
als are also more likely to discuss validity threats. A more moderate positive relationship
appears between reporting approach limitations and LLM limitations (¢ = 0.40), indicating
that papers discussing LLM-specific shortcomings usually also discuss broader limitations
of the proposed approach. All other pairwise correlations are weak (|¢| < 0.35), which sug-
gests that the remaining practices are generally adopted independently rather than as part of
a consistent validation package.

A complementary cross-tabulation within RQ4 further shows that evaluation design var-
ies with both study type and dataset choice, as illustrated in Fig. 43. Quantitative experi-
ments are conducted mainly on controlled datasets, especially benchmark datasets (23/63,
37%) and synthetic datasets (17/63, 27%), whereas case studies more often use industrial
data (8/21, 38%). This suggests that controlled experimentation and real-world scenario val-
idation still play partly distinct roles in the literature. Dataset type is also related to baseline
design, as shown in Fig. 44. Studies using benchmark datasets more often compare against
traditional or rule-based baselines (7/23, 30.4%) and less often omit baselines altogether
(4/23, 17.4%), whereas studies using synthetic datasets are more often evaluated without
any baseline (16/30, 53.3%). The highest rate of missing baselines appears in studies with
unspecified or unclearly reported dataset types, where six of the seven papers (85.7%) pro-
vide no baseline. Case studies also report fewer validation elements overall: 14 of 21 case
studies (67%) use no baseline, and only 19.0% discuss threats to validity, compared with
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Fig. 42 Phi coefficient correlation matrix between the six validation practice dimensions
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Fig. 43 Dataset types by evaluation study type. Cell values report counts and within-study-type shares
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Fig. 44 Baseline comparison profiles in key dataset groups. Bar widths report within-dataset-group
shares, and segment labels report counts

43% and 67%, respectively, for quantitative experiments. Overall, comparative validation is
more common in studies using standardized datasets, whereas case-based evaluations and
studies with unclearly specified datasets more often omit baselines and threats-to-validity
discussions.

To extend this view beyond RQ4 itself, we next relate these validation patterns to the
dimensions examined in RQ1, RQ2, and RQ3.

Figure 45 shows that validation practices are not distributed evenly across MDE task
types. Model Transformation papers achieve the highest reproducibility support among all
task types (100%) and also maintain a relatively high rate of human evaluation (80%).
Model Validation papers discuss approach limitations in all cases (100%) and also discuss
LLM limitations at a comparatively high rate (91%). Code Generation papers, in contrast,
report low reproducibility support (20%) and discuss threats to validity in only 20%, despite
reporting approach limitations in all cases (100%). Across all task types, however, cost effi-
ciency remains low, ranging from 0% to 33%, which suggests that this practical dimension
is underexplored regardless of the task being addressed.

The limited use of baselines also persists when the results are broken down by task type.
As shown in Fig. 46, Model Generation, which is the largest category with 62 papers, still
includes 25 papers (40%) with no baseline comparison, although 17 compare against human
or manual performance. Model Transformation and Model Validation show more frequent
use of traditional or rule-based baselines and human-performance comparisons. Even so,
comparisons against other LLM-based approaches remain rare across all task types, indi-
cating that systematic benchmarking among competing LLM solutions is still uncommon.
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MDE Task Type

Fig. 45 Percentage of papers reporting “Yes” on each validation dimension, broken down by MDE task
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Fig. 46 Baseline comparison categories by MDE task type (RQ1 x RQ4)

70

A similar pattern appears when evaluation is viewed through the lens of prompt engi-
neering. Figure 47 shows that few-shot prompting, the most common technique, is evalu-

ated mainly through quantitative experiments (32 papers), followed by comparison studies

(18), user studies (eight), and case studies (five). Iterative refinement, zero-shot prompting,

Chain-of-thought prompting, and Role playing similarly rely on quantitative experiments as
the dominant evaluation type, though the relative proportions of other evaluation types vary.
User studies, controlled experiments, and benchmarking are present across several prompt-
ing categories, but they remain a minority in all of them.

Execution structure is likewise associated with different choices of evaluation data. As

shown in Fig. 48, iterative execution, which appears in 44 samples, uses the widest variety
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Fig.47 Distribution of evaluation study types across the most common prompting strategies (RQ2 x RQ4)
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Fig. 48 Dataset types used for evaluation by execution structure (RQ2 x RQ4)

of dataset types, with a relatively balanced distribution across benchmark (16), synthetic
(nine), industrial (six), and open-source (four) datasets. Pipeline-based approaches (26 sam-
ples) are more often associated with industrial datasets. Single-pass execution (35 samples)
follows a pattern closer to the overall distribution, with benchmark (nine) and synthetic
(12) datasets being the most common choices. Tool-augmented approaches (12 samples)
also rely mainly on benchmark (five) and synthetic (eight) datasets. Overall, more complex
execution structures appear to be evaluated across a broader range of settings, whereas sim-
pler structures are assessed mainly in more controlled environments.

Finally, Fig. 49 connects validation practice to the role that humans play in the approach
itself. Papers with post-hoc human review report human evaluation most often (92%),
followed by human-in-the-loop approaches (76%). Reproducibility follows a differ-
ent pattern: post-hoc human review (84%) provide the highest levels of reproducibility
support, whereas human-in-the-loop approaches show the lowest rate (56%), possibly
because tighter human integration introduces variability that is more difficult to document
or replicate.
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Fig. 49 Percentage of papers including human evaluation and providing reproducibility support, by
human involvement level (RQ3 x RQ4)

Answer to RQ4. Validation in LLM4MDE is centered primarily on quantitative
experimentation, which appears in 66 of the 86 papers and is most often reported
through accuracy, syntactic correctness, and semantic correctness. Comparative eval-
uation remains limited: 36 papers (42%) use no baseline, and only four compare against
other LLM-based approaches. Evaluation data come mainly from synthetic and bench-
mark datasets (30 and 23 papers), with industrial datasets appearing in 18 studies. Within
RQ4 itself, quantitative experiments are concentrated on benchmark and synthetic data,
whereas case studies more often use industrial data; studies using benchmark datasets
are also more likely to include traditional or rule-based baselines, while studies using
synthetic or unclearly speciXed datasets more often omit baselines. Among broader vali-
dation practices, reporting approach limitations is common (81 papers, 94.2%), reporting
LLM limitations is available in 72 papers (83.7%), and cost efXciency is examined in only
21 papers (24%). Reproducibility support and threats-to-validity discussion (¢ = 0.48),
as well as reporting LLM limitations and approach limitations (¢ = 0.43), both show
moderate positive associations. When these patterns are related to RQ1, RQ2, and RQ3,
Model Transformation reports high level of reproducibility support, few-shot and zero-
shot prompting are still assessed mainly through quantitative experiments, and post-hoc
human review is associated with the highest rate of human evaluation (92%) and also the
highest reproducibility support (84%).

4.5 Publication Landscape and Research Community (RQ5)

In RQS5, we analyze the publication landscape of LLM4MDE along six dimensions: publica-
tion growth over time, geographic distribution, venue type and venue quality, collaboration
structure, international collaboration, and funding sources (Donthu et al. 2021). Together,
these dimensions describe the size of the literature, where it is published, which communi-
ties contribute to it, and how the area is currently organized.

Figure 50 shows that LLM4MDE is a recent research area that has grown quickly. The
steepest increase occurs between 2023 and 2024. This period coincides with the release and
wider availability of highly capable general-purpose LLMs, especially GPT-4 in March
2023 and Llama 2 in July 2023 (Achiam et al. 2023; Touvron et al. 2023). Growth first came
mainly through conference and companion/workshop venues. Journal growth becomes
more visible only in 2025. Relative to the broader LLM4SE literature, which had already
reached 395 papers by January 2024 and was still described as being at an early stage (Hou
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Fig. 50 Annual publication trend, stacked by publication venue category. Conference denotes Confer-
ences (main track), Workshop denotes the combined category of Companion tracks and workshops, and
Journal denotes Journals. The bar for 2026 represents one paper collected up to January 2026

et al. 2024), LLM4MDE appears to have developed later and at a smaller scale, despite our
search extending to early 2026.

The geographic distribution is uneven. Figure 51 shows that Canada and Germany lead
with 15 papers each, followed by France with 13, and Sweden with 10. The most active
countries are concentrated mainly in Europe, with additional contributions from Canada,
China, and the United States. Because the counts are based on author affiliations, one paper
may be credited to multiple countries. The figure therefore captures country participation
rather than a mutually exclusive count of paper production. Cross-country collaboration

Fig. 51 Geographic distribution

of LLM4MDE research: top 15
countries by paper count, based

on author affiliations. A paper is
credited to multiple countries when
its co-authors have affiliations in
different countries
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Fig. 52 Task-type profile by region (RQ5 x RQ1). Bubble area reports within-region shares based on
participation counts, and labels report counts

is examined separately through the international co-authorship network. Geographic par-
ticipation also intersects with research focus in revealing ways. As shown in Fig. 52, using
broad regions on a participation basis, European-affiliated papers cover the widest range of
task types: besides Model Generation (43/63, 68.3%), besides Model Generation (43/63,
68.3%), they span all other task types including the only Metamodeling paper. By contrast,
Asia-Pacific participation is more concentrated on Model Generation (13/14, 92.9%), while
Fig. 53 highlights that North American participation shows a lower share of industry-spe-
cific studies (2/19, 10.5%) than Europe (25/63, 39.7%) or Asia-Pacific (6/14, 42.9%). The
regions also differ in language focus: as shown in Fig. 54, North American papers are evenly
split between GPMLs and DSMLs (10 papers each), whereas European papers contain the
largest number of MFL-related studies (8 papers). These descriptive patterns suggest that
the geographic concentration of the field coincides with differences in topical breadth and
industrial grounding.

The venue profile shows that LLM4MDE is still published mainly in conferences. As
shown in Fig. 55 and Table 3, 48 of the 86 studies (55.8%) appear in conference proceed-
ings, 22 (25.6%) in companion tracks and workshops, and 16 (18.6%) in journals. Among
conference papers, 20 appear in A*/A venues; among journal papers, 13 of 16 appear in JCR

North America

25/63
Europe (39.7%)

0 10 20 30 40 50
Share of region-affiliated papers (%)

Fig.53 Industry-specific share by region (RQ5 x RQ1). Bars report the number and proportion of region-
participating papers coded as industry-specific
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Fig. 55 Venue category and publication-quality profile. Conference denotes Conferences (main track),
Workshop denotes the combined category of Companion tracks and workshops, and Journal denotes
Journals. Left : distribution across publication venue categories. Right : CORE and JCR quality-tier
breakdown within each venue category

Q1 or Q2 venues. Conference quality tiers are based on the ICORE2026 conference rank-
ings, and journal quality tiers are based on the quartiles reported in the 2025 release of Jour-
nal Citation Reports (JCR) (Computing Research and Education Association of Australasia
2026; Clarivate 2025). The most frequent venues are closely tied to the modeling and SE
communities, with MODELS-C (11 papers) and MODELSWARD (seven papers) leading
among conferences and workshops, and SoSyM leading among journals. Venue tier also cor-
relates with notable differences in validation practice, as shown in Fig. 56. Papers in CORE
A*/A conferences and JCR Q1/Q2 journals (33 papers) are more likely than the remainder
of the literature (53 papers) to include a baseline comparison (22/33, 67% vs. 27/53, 51%)
and to discuss threats to validity (22/33, 67% vs. 27/53, 51%). They are also more often
evaluated through quantitative experiments (29/33, 88% vs. 34/53, 64%). By contrast, the
differences are small for human evaluation, cost-efficiency analysis, and industrial-dataset
use. Even within the higher-tier subset, one third of the papers still use no baseline (11/33,
33%). This suggests that papers in higher-tier venues more often report certain validation
elements, especially baselines and threats to validity, but do not differ consistently across
all validation dimensions.

The collaboration profile remains fairly localized. As shown in the left panel of Fig. 57,
single-institution papers are the largest group, with 44 of the 86 papers (51%). They are fol-
lowed by international collaborations with 25 papers (29%) and domestic multi-institution
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Table 3 Most frequent publica- Venue Full name Quality #
tion venues

Conference proceedings

MODELSWARD  Int’l conf. on model-based CORE C 7
software and systems

engineering

MODELS Int’l conf. on model driven CORE A 6
engineering languages and
systems

ER Int’l conf. on conceptual CORE A 4
modeling

ICSE* Int’l conf. on software COREA* 2
engineering

RE Int’] requirements engi- CORE A 2
neering conference

MSR Int’] conf. on mining CORE A 2

software repositories
Companion tracks & workshops

MODELS-C Int’l conf. on model driven — 11
engineering languages
and systems: companion

proceedings

REW Int’l requirements engi- — 4
neering conf. workshops

LLMA4SE ‘Workshop on large lan- — 2

guage models for genera-
tive software engineering

Journals
SoSyM Software and systems JCR Q1 3
modeling
IST Information and software ~ JCR Q1 2
*Includes one NIER-track paper technology
Quantitative experiment 34 (64%) 0 . 29 (88%)
Baseline comparison 27 (51%) 4 @ 22 (67%)
Threats to validity 27 (51%) 4 @ 22 (67%)
Reproducibility support 37 (70%) ‘ @ 27 (82%)
Human evaluation 24 (73%) . 39 (74%)
Cost efficiency 8 (24%) . 13 (25%)
® High-tier venues (n=33) (CORE A¥/A + JCR Q1/Q2)
Industrial dataset 7 () “ L3 (X @ Other venues (n=53)
0% 20% 40% 60% 80% 100%

Share of papers (%)

Fig. 56 Validation practices by venue tier (RQ5 x RQ4). High-tier venues comprise CORE A*/A confer-
ences and JCR Q1/Q2 journals; cell values report counts and within-tier shares

collaborations with 17 papers (20%). Industry participation is limited: only seven papers
involve industry-academia collaboration. The temporal view in the right panel of Fig. 57
shows that international collaboration has grown steadily from 2023 to 2025, while domes-
tic multi-institution collaboration remains smaller. All seven industry-academia collabora-
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Fig. 57 Collaboration structure across the 86 selected primary studies. Left : overall distribution by
collaboration type; lighter bars indicate the subset involving industry-academia collaboration within each
group. Institution involves both the industry and academia. Right : temporal evolution of collaboration
types. The 2026" bar represents one paper collected up to January 2026

tions appear only in 2025. Collaboration structure is also associated with distinct technical
choices, as illustrated in Fig. 58. Internationally collaborative papers most often use Ope-
nAl models (24/25, 96.0%) and are usually implemented as standalone approaches (22/25,
88.0%), with little use of tool-augmented execution (2/25, 8.0%) and no agentic designs in
this subset. Single-institution papers more often report tool-augmented execution (20/45,
44%), fine-tuning (6/45, 13%), and embedded MDE-tool integration (7/45, 16%). Domestic
multi-institution papers are also mostly standalone (15/16, 94%). These descriptive patterns
suggest that more customized or integrated prototypes are currently reported more often in
single-institution settings, whereas cross-institution collaborations more often rely on stan-
dard externally accessed model configurations.

A related pattern emerges when venue profile is viewed through the lens of collaboration
structure. As shown in Fig. 59, CORE A*/A conferences and JCR Q1/Q2 journals contain a
larger share of international collaborations, whereas unranked conference papers are mostly
single-institution papers. Industry-academia collaboration is observed only in 2025 in the
current sample: all seven such papers are from that year, and six of them are domestic multi-
institution collaborations, suggesting that industry involvement is still limited in the current
literature.

Figure 60 gives a more detailed view of international collaboration by country. The left
panel shows that leading countries do not participate in international collaboration to the
same extent. Germany and France have a larger share of single-institution publications,

Single Institution 36 (80%)
(n=45)

Domestic multi-institution
(n=16)

20 (44%) 2 (4%) 6 (13%) 7 (16%)
4.(25%) 1(6%) 1(6%) 1 (6%)
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Fig. 58 Technical design choices by collaboration structure (RQ5 x RQ2). Cell values report counts and
within-collaboration-group shares
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Fig. 59 Venue profile by collaboration structure (RQ5 orthogonal-analysis). Bar widths report within-
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Fig. 60 International co-authorship patterns. Left: country by collaboration type heatmap for the top 10
countries by paper count; the highlighted column marks the internationally collaborative subset. Right:
symmetric country co-authorship matrix for papers involving international collaboration

whereas Canada, Sweden, Spain, and Italy have a larger share of internationally collab-
orative papers. The right panel shows that international collaboration is concentrated in a
small number of recurring country pairs rather than being broadly distributed across the full
network. The strongest collaboration is between Canada and Spain (four papers). The inter-
national co-authorship structure is therefore concentrated in a small number of recurring
country pairs rather than broadly distributed across the network.

To examine how the field is supported, we classify acknowledged funding sources into
four main categories: Gov./Public Grant, Industry, University/Institutional, and None Men-
tioned. In this scheme, Gov./Public Grant includes ministries, research councils, and public
agencies; Industry refers to commercial or industrial funding; and University/Institutional
covers internal institutional support. The category None Mentioned includes papers that do
not report funding information and should not be read as evidence of no funding. When
a paper acknowledges more than one funding source category, we code it as a mixed cat-
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Fig. 61 Funding source distribution across the 86 selected primary studies. Left : overall distribution
across five funding categories. Right : temporal evolution of funding categories. The 2026 bar repre-
sents one paper collected up to January 2026

egory, such as Gov.+University or Gov.+Industry. This classification follows broad sectoral
distinctions commonly used in research funding statistics (OECD, Eurostat 2018; ’Alvarez
Bornstein and Montesi 2020).

As shown in the left panel of Fig. 61, the most common pattern is missing funding
information: 45 of the 86 studies (52%) do not mention any funding source. Among the
papers that do report funding, public support is the dominant pattern. Among papers that
do report funding, government/public grants dominate (30 studies, 35%), while university/
institutional and industry funding each appear in only three papers. The temporal break-
down in the right panel of Fig. 61 shows that Gov./Public Grant funding has grown steadily
from 2023 to 2025, but None Mentioned remains the largest category throughout. Industry
remains limited in both funding and collaboration: only three papers report any Industry
funding, and only seven papers involve industry-academia collaboration.

Answer to RQS. The publication landscape of LLM4MDE shows fast recent growth,
from one paper in 2022 to 42 in 2025. Most papers are published in conference pro-
ceedings or companion/workshop venues, while journal output becomes more visible
in 2025. The literature is concentrated mainly in Europe and Canada. Collaboration is
still dominated by single-institution academic work, although international collaboration
has increased over time and is more common in JCR Q1/Q2 journals and top-ranked
conferences than in unranked conference venues. Funding is reported inconsistently, but
reported funding is dominated by government and public grants. Industry involvement
remains limited in both funding and collaboration.

5 Discussion
5.1 Evaluation Recommendations for LLM4MDE Approaches
From a top-down perspective, the evaluation of LLM4MDE approaches can be viewed

along three aspects: study setup and reporting, evaluation metrics and quality criteria, and
comparison and validation design. Our review suggests that current LLM4MDE research
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still shows limitations in each of these aspects. Based on these findings, we offer a set of
preliminary recommendations intended to inform future efforts toward establishing com-
munity-wide evaluation guidelines for LLM4MDE research. We do not claim these recom-
mendations as definitive or exhaustive; they draw on our mapping findings together with
existing frameworks from the empirical SE and MDE communities, and should be read as a
starting point for community discussion rather than a prescriptive standard.

The Need to Spread the Word on Following the Baltes’ Guidelines LLM-based studies are
sensitive to factors such as model version, access mode, prompts, interaction procedure,
and decoding settings. Baltes et al. (2025) propose eight guidelines for empirical software
engineering studies with LLMs, covering the declaration of the LLM role, reporting of
model version and configuration, documentation of prompts and interaction logs, reporting
of tool architecture, use of human validation, inclusion of open-LLM baselines, selection of
suitable benchmarks and metrics, and reporting of limitations and mitigations. Our results
indicate that reporting remains incomplete in several respects. Prompts, interaction details,
and sampling settings are often only partially reported, and cost information is absent in
76% of the studies (RQ4). These omissions limit reproducibility and make performance
differences harder to interpret.

A Lack of Model-Oriented Metrics in Evaluations Current LLM4MDE studies often report
metrics such as accuracy, F1-score, and syntactic correctness (RQ4). These metrics are use-
ful, but they do not always align with the kinds of artifacts that LLM4MDE approaches pro-
duce. As shown in RQ3, modeling artifacts appear in 79% of the studies as output artifacts.
Yet model-oriented criteria such as completeness, consistency, and correctness are assessed
explicitly only in a small part of the literature. In many studies, outputs are evaluated mainly
as textual results rather than as engineering artifacts that must function within broader MDE
workflows.

A Lack of Explicit Baselines Validation design also varies across the literature: nearly half
of the studies do not include any baseline (RQ4), comparisons against other LLM-based
approaches remain rare (RQ4), comparisons with open-source LLMs are also uncommon
(RQ?2), and human evaluation is often not structured around explicit criteria or rubrics.

Recommendations These gaps should not be interpreted as showing that MDE lacks evalu-
ation foundations. In contrast, MDE already has established work on artifact-oriented qual-
ity assessment and empirical evaluation of model-driven development claims (Giraldo et al.
2018; Panach et al. 2018). What the current LLM4MDE literature suggests, rather, is a
partial disconnect between these practices and the recent growth of LLM-based studies.
The task is therefore not to define evaluation principles from scratch, but to connect LLM-
4MDE evaluation more closely to both empirical LLM-study rigor and artifact-oriented
MDE evaluation.

To address these issues, we organize a set of preliminary recommendations for evaluat-
ing LLM4MDE approaches into a two-layer framework. The first layer focuses on general
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empirical rigor in LLM-based studies in the MDE context. The second layer focuses on
artifact-sensitive evaluation, with the goal of complementing generic output metrics with
criteria that better match MDE artifacts and workflows. For the second layer, we draw on
the SWEBOK model-analysis framework (Washizaki 2024), in particular its five criteria
for analyzing models: completeness, consistency, correctness, traceability, and interaction.
These criteria make evaluation more sensitive to the roles that generated artifacts play in
MDE settings and provide clearer constructs for organizing expert judgment.

Table 4 summarizes the resulting two-layer framework. Layer 1 (G1-G8) adapts the
recommendations of Baltes et al. (2025) to the MDE context, while Layer 2 (G9-G13)
introduces five MDE-specific model-analysis criteria derived from SWEBOK (Washizaki
2024). Table 5 then shows how the second-layer criteria apply differently across output arti-
fact types identified in RQ3, and which techniques and metrics are appropriate in each case.

Overall, these recommendations suggest that evaluation in LLM4MDE should shift from
output-level evaluation alone to artifact-level and workflow-level evaluation. They also sug-
gest that human evaluation should be tied to explicit quality constructs rather than used
only as an informal judgment mechanism. More consistent use of first-layer recommenda-
tions, together with better reproducibility support, cost reporting, and baseline comparisons,
would improve the comparability of LLM4MDE studies. We offer these recommendations
as a starting point for future community efforts to establish more comprehensive and widely
adopted evaluation guidelines in this field.

5.2 The Role of Human Involvement in Validation Practice

Figure 49 shows that human evaluation and reproducibility support rates differ across
human involvement levels. Papers with post-hoc human review report the highest rate of
human evaluation (i.e., a validation step in which humans score or judge LLM-generated
outputs) at 92%, and also the highest reproducibility support at 84%. By contrast, human-
in-the-loop papers score lower on both dimensions (76% and 56%), while papers with no
human involvement show a reproducibility support rate of 82%.

For the lower reproducibility in Azuman-in-the-loop approaches, one possible explanation
is that each human intervention in the loop, such as pruning candidate outputs or correcting
intermediate results, constitutes a decision point that is difficult to document fully; prompt
logs and interaction logs alone cannot adequately capture these human judgment steps. This
resonates with the guideline proposed by Baltes et al. (2025) on documenting interaction
logs: human-in-the-loop settings are exactly the scenarios in which this guideline is hardest
to satisfy.

For the difference in human evaluation reporting rates, one possible explanation is
that when humans are already embedded in the workflow, researchers may treat this as an
implicit quality assurance mechanism and therefore consider a separate human evaluation
phase unnecessary.

These two patterns point to a deeper issue: current research lacks a systematic connection
between the two roles of human involvement, i.e., as a workflow design decision and as an
evaluation strategy. Future work should consider the impacts on reproducibility and evalu-
ation completeness when making human involvement design choices.
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Table 4 A two-layer framework of preliminary evaluation recommendations for LLM4MDE approaches

Guideline

Recommended practice for LLM4MDE research

Layer 1 — General Empirical Rigor

Gl. Declare LLM
role

G2. Report LLM
model version,
configuration &
customization

G3. Report tool
architecture

G4. Document
prompts & logs

GS5. Use human
validation

G6. Use open LLM
as baseline

G7. Use suitable
benchmarks & metrics

G8. Report
limitations, cost &
sustainability

Specify the role of the LLM in the MDE workflow (e.g., model generator, model
transformation synthesiser, constraint validator); justify the LLM model choice
used for the specific type of MDE task and integration scenario.

Document the LLM model name, version, and all parameters configured in the
experiments; in the case of tool integration (e.g., Eclipse plugin, web platform),
record API endpoint URL, access mode, and access dates.

Document the full MDE tool stack (e.g., EMF (Steinberg et al. 2008), Sirius
(Viyovi¢ et al. 2014), Xtext (Eysholdt and Behrens 2010), ATL (Jouault et al.
2008)), including the integration point with the LLM; in the case of RAG
processes, include metamodel or model fragment retrieval; in the case of agent
systems, include tool invocation and reasoning mechanisms.

Provide complete prompts with injected metamodel definitions, grammar defini-
tions, or model fragments; report the number of iterations in prompt engineering;
report representative input-output logs in the case of the modelling task.

Use human validation based on clear MDE analysis and evaluation criteria; for
model artifact results, use rubrics based on Layer 2 guidelines (G9-G13); include
inter-rater reliability results.

Compare to open-source LLMs and traditional MDE methods (e.g., grammar-
based generator, ATL rule set, search-based tool) for the same task.

Select metrics based on output artifact type (Table 5); discuss construct validity
for the task; complement generic metrics with MDE analysis and evaluation
criteria (Layer 2).

Report token usage and API call cost results; report threats in MDE tasks: hal-
lucinated model elements, constraint violations for metamodels, scalability for
metamodel and model size, prompt sensitivity to modeling language syntax.

Layer 2 — MDE-specific model analysis criteria

G9. Assess
completeness

G10. Assess
consistency

GI11. Assess
correctness

G12. Assess
traceability

G13. Assess
interaction

Assess whether all required elements, relationships, and constraints are generated
or preserved; main focus for model generation and migration tasks (see Table 5).
Detect inconsistency within and across artifacts using techniques such as OCL
validation (Cabot and Gogolla 2012) and model differencing (Di Rocco et al.
2012); important for model repair and validation tasks.

Assess syntactic correctness (metamodel conformance checking) and semantic
correctness (domain correctness) separately; apply to model-artifact outputs.
Verify whether links between requirements, models, code, and transformations
are preserved or recoverable; important for model transformation, model migra-
tion, and code generation tasks (see Table 5).

Evaluate artifact behavior in MDE workflows (transformation chains, synchroni-
sation, simulation); mainly relevant for model-artifact outputs in multi-step MDE
pipelines.

5.3 Threats to Validity

We discuss threats to validity following the standard classification of construct, internal,
external, and conclusion validity.

Construct Validity One threat concerns how we operationalized “MDE task” and “LLM-
based”. The boundary of what counts as MDE is not always obvious, and borderline cases
required judgment. For instance, a study on LLM-based Simscape simulation modeling
(Hummel et al. 2024) was excluded as it does not involve core MDE activities, while a study
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Table 5 Artifact-sensitive evaluation criteria organized by LLM output artifact type

Output  LLMA4MDE tasks  Applicable Layer 2 guidelines Recommended techniques & metrics
artifact
Model  Model Generation; G9 (Completeness) and G11 (Cor- Metamodel conformance checking
artifact ~ Model Comple- rectness) are primary to model  (Paige et al. 2007); OCL constraint
tion/Repair; generation tasks, while G10 (Con- checking (Cabot and Gogolla 2012);
Model Transfor-  sistency) is primary to model re- reference-based model differencing
mation (M2M);  pair tasks, and G12 (Traceability) (Di Rocco et al. 2012); trace link
Model Migration;  and G13 (Interaction) are most  analysis (Santiago et al. 2012); model
Metamodeling; critical to model transformation  instantiation and validation (Ehrig
DSL Engineer- and migration tasks. et al. 2009). Metrics: parsability/con-
ing (metamodel); formance rate; model element preci-
Model Validation sion/recall/F1; constraint satisfaction
(OCL output) rate; structural similarity ratio; trace
link coverage.
Code Code Generation;  G12 (Traceability) is applicable ~ Compilation and test-suite execution
artifact ~ Model Transfor-  to the output to ensure model-to- (Chen et al. 2021a; Ratiu and Voelter
mation (M2T); code or model-to-grammar cor-  2016); source model to code coverage
DSL Engineering  respondence. G9-G11 and G13  analysis; grammar well-formedness
(grammar) are not applicable to code outputs. checking; instance parsability check-
The correctness and completeness ing; CodeBLEU-based similarity
of the output should be judged by assessment (Ren et al. 2020). Metrics:
code-specific criteria. compilation success rate; Pass@1/
Pass@k (Chen et al. 2021a); Co-
deBLEU (Ren et al. 2020); model ele-
ment coverage ratio; parsability rate.
Natural Model Validation Although G9—G13 do not directly Human evaluation of adequacy,
language  (output report);  apply to the output itself, they are factual consistency, and hallucina-
artifact Model Genera- relevant as evaluation criteria. In  tion. Van der Lee et al. (2021);

tion (descriptive
output)

particular, human evaluation (G5)

should be guided by the relevant

model analysis criteria (G9-G13)

in determining whether the output
is accurate and complete.

Huang et al. (2025); Liu et al. (2024)
Metrics: adequacy score; hallucina-
tion rate (Huang et al. 2025); human
preference score; inter-rater agree-
ment (Cohen 1960; McHugh 2012).

on LLM-based goal modeling with GRL (Chen et al. 2023) was included because goal mod-
eling constitutes a form of requirements engineering that produces formal models. Simi-
larly, distinguishing “LLM-based” from broader “Al-based” or “NLP-based” approaches
was not always clear-cut.

A second threat concerns our classification schemes for data extraction. Some taxono-
mies were taken from existing work Research Contribution Type follows (Shaw 2003), Input
Data Type and Output Data Type follow ISO/TR 8344 (ISO 2024), Evaluation Type follows
(Kitchenham 1996), and MDE Task Type is grounded in established MDE literature (Sec-
tion 2.1) but others were developed by our team through iterative discussion during pilot
extraction. These include Modeling Language Classification, LLM Access Categories, LLM
Access Level, Execution Structure, Human Involvement, Input Artifact Categories, Output
Artifact Categories, Dataset Type, and Reproducibility Support. Alternative categorizations
are certainly possible and could lead to different interpretations. We tried to reduce this risk
by grounding classifications in prior work where possible, applying cross-field consistency
rules to ensure coherence among related fields, and documenting all definitions and example
values in the replication package (Zhang et al. 2026). Similarly, the field Prompting Strategy
combines structural prompting techniques (e.g., few-shot, chain-of-thought) and iterative
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prompt refinement strategies under a single dimension, following common practice in the
LLMA4SE literature; finer-grained distinctions, as proposed by Schulhoff et al. (2024), were
not applied during extraction.

Internal Validity The main internal validity threat is subjectivity when applying the inclu-
sion and exclusion criteria. To address this, we randomly assigned the 1358 candidate stud-
ies to seven researchers, where each study was screened independently by one researcher
and verified by another. Disagreements were resolved by involving a third researcher. The
same dual-review procedure was used during snowballing. We also adopted an adaptive
reading depth strategy (Petersen et al. 2008) to keep screening decisions consistent. During
data extraction, interpretation of paper content may vary across extractors. We mitigated this
through a structured extraction form, cross-field consistency rules, and calibration sessions
among team members during the pilot phase. As with any systematic review, publication
bias is also a concern, since studies reporting negative or inconclusive results are less likely
to appear in the literature.

External Validity Several factors limit the generalizability of our findings. The field of
LLM-based MDE is moving quickly, and findings that reflect a particular moment in the
ecosystem may not remain valid as the landscape shifts. For instance, the observed con-
centration on OpenAl models is an accurate characterization of the corpus collected up to
early 2026, but the rapid diversification of capable LLMs, including open-weight models
and alternatives such as Claude and Gemini, means that this distribution is likely to change
in subsequent studies. Readers should therefore interpret technology-specific findings as a
time-bounded snapshot rather than as stable characteristics of the field. Our restriction to
English-language papers (criterion 12) may have excluded relevant work in other languages.
The research questions and fields we chose, while intended to be broad, do not cover every
possible angle; future work could examine aspects such as user experience, industrial adop-
tion barriers, or the cost of LLM usage in MDE workflows. Finally, most of the included
studies present academic prototypes rather than industrial deployments, so our findings may
not transfer directly to practice.

Conclusion Validity The most obvious threat is search completeness: we may have missed
relevant studies. To reduce this risk, we searched five databases (IEEE Xplore, ACM Digi-
tal Library, Scopus, ScienceDirect, and Web of Science) following the recommendations
of Kitchenham and Brereton (2013), refined our search string through pilot searches, and
supplemented the automated search with one round of backward and forward snowballing
(Wohlin 2014). Another concern is that some sub-categories in our analysis contain only a
few studies, making observed patterns less reliable; we have avoided drawing strong con-
clusions from such small groups. Lastly, given how fast the field is growing, quantitative
trends such as the year-over-year increase in publications depend on where the search cutoff
falls, and readers should keep this in mind.

5.4 Future Research Agenda

Based on our observations, we sketch the following research agenda.
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A Systematization of LLM Errors, Prompting Design, and Learning Curves when Addressing
MDE Tasks RQ2 shows that prompting strategy is the dominant mechanism through which
researchers adapt LLM behavior to MDE tasks, yet the content and structure of prompts
themselves were not examined in this study. Although this mapping study covers five dimen-
sions, including research distribution, LLM technology and configuration, artifact represen-
tation, validation practices, and publication landscape, several aspects that may be of value
to the research community were not included in the analysis. First, while this study recorded
whether the selected papers report LLM limitations, it did not systematically investigate the
types of errors produced by LLMs in MDE tasks (e.g., hallucinated model elements) or their
distribution, and such an analysis may be useful for how to apply LLMs in MDE. Second,
although RQ2 documents the frequency of prompting strategies, the content and structure
of prompts themselves (e.g., how metamodel information is encoded in prompts) were not
examined, and an investigation at this level may offer practical guidance on prompt design.
In addition, the experience of researchers and practitioners using LLM4MDE tools, includ-
ing usability, learning curve, and the difficulty of integrating these tools into existing MDE
workflows, falls outside the scope of this mapping study, but is relevant to understanding the
adoption barriers in this field. These aspects should be considered in future work.

Addressing the Benchmark Problem RQ4 shows that 42% of studies include no baseline
comparison and that standardized evaluation resources are largely absent from the field. The
majority of LLM4MDE studies do not include any baseline comparison, and the develop-
ment of benchmarks and datasets has been limited: the datasets used in existing research
consist primarily of synthetic and benchmark datasets, most of which are constructed by
the researchers themselves, with no standardized evaluation resources widely recognized
by the community. In addition, the reporting of cost efficiency is severely lacking. Future
work could consider developing guidelines for how to apply LLMs to MDE tasks, covering
aspects such as cost efficiency reporting and baseline establishment, with the preliminary
recommendations proposed in Section 5.1 serving as a starting point. Future work could also
consider constructing standardized benchmarks and datasets to support systematic compari-
son across different approaches and to facilitate the reproduction of experimental results.

Tool Chain Integration RQ2 shows that 87.2% of approaches remain standalone prototypes
without integration with existing MDE toolchains. LLMs are implemented as standalone
approaches in most of the studies, without integration with existing MDE toolchains; the
industry-specific share of Model Validation (36.4%) is close to that of Model Generation
(37.1%) and lower than that of Model Completion/Repair (50.0%), which does not align
with the expectation given its direct relevance to quality assurance, suggesting that current
industry participation is driven more by productivity-oriented concerns. Future work should
strengthen collaboration with industry and promote the transfer of LLM4MDE approaches
to practical engineering settings.

Widening the Coverage of MDE Tasks, Task Combinations, and LLM Usage RQ1 shows that
LLM4MDE research is heavily concentrated on Model Generation, while tasks such as
Metamodeling, Model Migration, and DSL Engineering remain marginal. RQ2 further
shows that technical configurations are highly homogeneous, with OpenAl models domi-
nating and approaches such as fine-tuning and RAG remaining rare. Models beyond Ope-
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nAI/GPT have not seen broader application in the MDE tasks, and important technical
approaches, including white-box access, fine-tuning, and RAG remain unexplored in MDE
contexts. Future work could extend the LLM4MDE research in two directions: first, by
applying LLMs to other MDE tasks than just Model Generation, especially model migra-
tion, DSL engineering, and metamodeling, where research is currently scarce; second, by
introducing more diverse technical configurations, including other LLM models than just
OpenAI/GPT and techniques such as fine-tuning and RAG, to assess their applicability
across different MDE tasks.

RQS5 shows that research activity is geographically concentrated and industry involve-
ment remains limited. These two observations point to directions for future work: broader
participation from underrepresented regions and modeling communities, to strengthen the
generalizability of findings; and closer industry-academia collaboration, particularly in
MDE tasks directly relevant to industrial practice such as Model Validation and Model
Migration, where real-world evaluation settings remain rare.

Exploring the Potential of LLMs in Software Language Engineering RQ1 shows that DSL
Engineering remains one of the least explored MDE tasks, with only three primary studies.
This points to opportunities in software language engineering that have yet to be exam-
ined. Our prior work on metamodel-grammar co-evolution has shown that a rule-based
approach can automate grammar adaptation after metamodel changes, but the adapted
grammar still exhibits a gap relative to the target grammar (Zhang et al. 2024, 2023b). One
possible approach is to use LLMs to close this gap: given the grammar generated from the
metamodel before evolution and the adapted version of this grammar, and also the grammar
generated from the metamodel after evolution, an LLM could learn the adaptations in the
previous version and replay it on the newly generated grammar, automatically obtaining a
grammar that carries the same adaptations as the previous version while conforming to the
evolved metamodel. We also see an opportunity in DSL-style customization. Our earlier
work on converting Xtext-generated grammars to Python-style DSLs required semi-manual
effort and was limited to a single target style and the metamodel-driven scenario (Zhang
et al. 2023a). An LLM-based approach could support both grammar-driven and metamodel-
driven development, accepting natural-language descriptions of domain knowledge and
style preferences to generate or adapt grammars for arbitrary target styles. We also intend to
leverage LLMs to address challenges encountered during the development of a textual edi-
tor for EAST-ADL (EAST-ADL Association 2021), i.e., schema version incompatibility and
insufficiently informative error messages (Zhang and Holtmann 2023). LLMs could con-
tribute here by leveraging semantic understanding to bridge version differences and to gen-
erate context-sensitive diagnostic messages that guide users toward concrete corrections.

Taken together, the findings across RQ1 to RQS5 point to a broader question that falls
outside the scope of an SMS but merits attention in future work: whether LLMs will merely
augment existing MDE workflows or gradually reshape the goals and boundaries of MDE
itself. The concentration of current research on prompt-based, standalone approaches with
limited toolchain integration suggests that the field has not yet confronted this question in
depth. We hope this map can serve as a foundation for such reflections.

@ Springer



Empirical Software Engineering (2027) 32:3 Page 53 of 67 3

6 Related Work
6.1 Methodological Foundations for Systematic Studies

Our systematic mapping study follows the process defined by Petersen et al. (2008), who pro-
posed a five-step method for mapping studies in SE: defining research questions, conducting
search, screening papers, keywording using abstracts, and data extraction. Their keywording
technique, reading abstracts to identify concepts reflecting each paper’s contribution and clus-
tering them into a classification scheme, informed the spirit of our classification framework
development, which proceeded through team discussion grounded in the research questions and
was iteratively refined as primary studies were analyzed. We further adopted the updated guide-
lines by Petersen et al. (2015), which consolidate lessons from a meta-study of existing mapping
studies. In particular, we drew on their recommendations regarding snowballing as a comple-
mentary search strategy, multi-stage screening with explicit inclusion and exclusion criteria, and
the use of visual matrix representations, including bubble plots and heatmaps, for presenting
mapping results. The ACM SIGSOFT Empirical Standards (ACM SIGSOFT 2021) were con-
sulted as a reference for reporting practices. Because our survey concerns the use of LLMs in an
SE subdomain, characteristics of LLM-based research, closed-source models, non-determinis-
tic outputs, and rapidly evolving model versions introduce validity concerns that conventional
mapping study guidelines do not address. Several recent works have begun to examine these
concerns, and they informed how we interpreted the primary studies in this mapping.

Sallou et al. (2024) pointed out that LLM evaluation faces a more subtle problem, because
models such as ChatGPT are trained on public code repositories and academic papers and
may already have seen, or even memorized, the benchmarks used to test them. They cited
evidence that LLM performance on well-known datasets (e.g., HumanEval, with > 69%
branch coverage) can be drastically higher than on datasets absent from training corpora (e.g.,
SF110, at 2%). Beyond data leakage, they also discussed the lack of reproducibility caused
by output variability and non-transparent model updates by providers, and proposed mitiga-
tion strategies such as metamorphic testing on inputs and mandatory metadata reporting.

Wagner et al. (2025) extended this discussion at WSESE 2025 with a position paper
arguing for dedicated evaluation guidelines, structured around baseline selection and con-
figuration reporting. This effort was subsequently expanded by Baltes et al. (2025) into
a collaborative guideline document involving 22 researchers. Rather than listing all eight
of their guidelines here, we note the aspects most relevant to our work: the requirement
to report model versions and configurations, the recommendation to disclose prompts and
interaction logs, and the emphasis on including open LLMs as baselines to support repro-
ducibility. They also introduced a taxonomy of seven LLM-related study types (e.g., LLMs
as annotators, as judges, as benchmarking targets), which helped us categorize how different
primary studies in our mapping positioned their use of LLMs. Their observation that tem-
perature-zero settings do not guarantee deterministic outputs is a reminder that we should
treat reproducibility claims in many of the papers we surveyed with caution.

6.2 Large Language Models in Software Engineering
LLMs have rapidly reshaped SE, enabling new capabilities across the entire development

lifecycle, from requirements engineering to code generation, testing, maintenance, and sys-
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tem adaptation. Recent surveys and empirical studies provide a consolidated view of how
LLMs are used in SE, emerging research trends, and open challenges. Overall, LLMs are
becoming integral to SE practice and research. While code-related tasks currently dominate,
applications in requirements engineering, architecture, testing, and system adaptation are
accelerating. Nonetheless, fundamental challenges must be addressed before LLMs can be
adopted in safety-critical or industrial-level settings.

6.2.1 Overview

A first wave of foundational surveys provides broad overviews of LLM applications in SE.
Fan et al. present an early conceptual survey outlining the breadth of SE tasks impacted by
LLMs and identifying hallucination and reliability as central challenges (Fan et al. 2023).
Hou et al. conduct the first large-scale Systematic Literature Review (SLR) of LLM4SE,
analyzing 395 papers from 2017-2024 and providing a detailed taxonomy of models, tasks,
prompting techniques, and evaluation methods (Hou et al. 2024). Zhang et al. provide an
extensive survey of code-focused LLMs, summarizing 62 code models and their use across
16 SE task categories (Zhang et al. 2026). Gormez et al. complement these findings with
a systematic mapping study visualizing research themes and trends (Gormez et al. 2024).
Collectively, these works show that while LLM4SE initially centered on code-related tasks,
applications to requirements engineering, architecture, and testing have rapidly expanded.
Nevertheless, a clear trend is the emergence of code-specific LLMs (e.g., Codex (Chen et al.
2021b), CodeTS5 (Wang et al. 2021), StarCoder (Li et al. 2023), DeepSeek-Coder (Guo et al.
2024)), which significantly outperform general-purpose models in syntactic correctness,
repair quality, and execution reliability (Umre et al. 2026).

Prompt engineering has become a first-class research area in SE. Sasaki et al. provide the
first SLR on prompt engineering patterns for SE, identifying 21 reusable prompting strate-
gies and showing their impact on downstream performance (Sasaki et al. 2024). Prompt-
based optimization (e.g., CoT, self-refinement, auto-prompting) is increasingly preferred
over fine-tuning due to cost-efficiency and broader applicability.

Amalfitano et al. define a four-part classification of generative Al augmentation in SE
(Copilot, GenAlware, Teammate, Robot), highlighting hybrid workflows where humans
and LLMs collaborate (Amalfitano et al. 2026). The classification depends on what and
how is the Al-based augmentation realized, integrating also the direction of SE4AI rather
than focusing solely the AI4SE one. About the SE4AI topic, Scotti et al. propose an LLM
Scripting Language (LSL) enabling structured, possibly verifiable interaction patterns for
LLM-based tools (Scotti et al. 2025). Conversely, on the AI4SE topic, Li et al. outline how
LLMs enhance monitoring, analysis, and planning in self-adaptive systems (Li et al. 2024).

6.2.2 Applications Across the Software Engineering Lifecycle

LLM-assisted requirements engineering is one of the fastest-growing areas. Cheng et al.
review 238 GenAl-for-RE studies, showing use cases in elicitation, classification, ambigu-
ity detection, and validation (Cheng et al. 2026). Norheim et al. identify key challenges
in applying LLMs to requirements tasks: correctness, verifiability, and domain adaptation
(Norheim et al. 2024). Ferrari and Spoletini propose a two-way roadmap integrating for-
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mal methods with LLMs to improve correctness, fairness, and trustworthiness of generated
requirements (Ferrari and Spoletini 2025).

Research on LLMs for software architecture is emerging but growing rapidly. Schmid et al.
provide the first dedicated SLR on LLMs in architecture engineering, identifying tasks such
as design decision classification, pattern detection, and architecture generation from require-
ments (Schmid et al. 2025). Current approaches mainly rely on simple prompting, while
structured multi-step reasoning and architectural consistency checks remain underexplored.

Code generation is the most mature and extensively studied area. Umre et al. show that
code-specific LLMs outperform general-purpose models across code generation, transla-
tion, summarization, and repair tasks (Umre et al. 2026). In program repair, multi-agent
LLM processes and auto-prompting strategies have demonstrated strong performance.
Moreover, LLMs proved useful even with underresourced languages. In fact, Alhanahnah et
al. show that dual-agent LLM systems outperform state-of-the-art techniques for repairing
declarative Alloy specifications (Alhanahnah et al. 2025).

LLMs support numerous testing tasks, including unit test generation, assertion inference,
regression test selection, vulnerability detection, and summarization of failure reports. Large
surveys (e.g., Hou et al., Zhang et al.) highlight strong results in unit test generation and bug
explanation but emphasize that reproducibility and evaluation quality remain major challenges
(Hou et al. 2024; Zhang et al. 2026). LLMs also facilitate software maintenance tasks such
as code review, traceability link recovery, bug localization, and commit message generation.

6.2.3 Limitations and Research Challenges

All surveys identify hallucinations (Brunello 2026) as the primary obstacle to trustworthy
LLM-based SE. Generated artifacts often appear syntactically correct, but embed subtle
semantic errors, making them difficult to detect without verification. General mitigation
techniques include retrieval-augmented generation, grammar-constrained decoding, step-
wise prompting, and post-hoc verification using static analysis or automated testing.
Reproducibility constitutes a systemic crisis in LLM4SE research. Siddiq et al. analyze 640
studies and document widespread reproducibility smells, including missing artifacts, poorly
specified environments, opaque prompts, absent datasets, and reliance on closed models (Sid-
diq et al. 2025). Artifact badges correlate only weakly with actual reproducibility quality.
The absence of standardized evaluation frameworks hinders comparability across studies.
Benchmarks rapidly become outdated, and many datasets are proprietary, small, or unrep-
resentative. In general, surveys call for transparent prompt reporting, shared datasets, open
evaluation processes, and life-cycle-aware benchmarks that reflect real-world SE constraints.

6.3 Large Language Models in Model-Driven Engineering

As a subfield of SE, MDE has similarly seen growing interest in LLM applications. Di Rocco et al.
(2025) present a systematic literature review of 14 primary studies (2019-mid-2024), examining
LLM applications in tasks such as model completion, model generation, OCL constraint genera-
tion, and DSL specification, and proposing a research agenda addressing hallucination mitigation,
benchmarking, and scalability. Burguefio et al. (2025) take a broader automation perspective, sur-
veying enabling technologies across formal methods, search-based techniques, knowledge engi-
neering, and artificial intelligence, and noting that LLMs have partially alleviated the persistent
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data scarcity challenge in MDE. Our study differs from both works across three dimensions. In
terms of scope, we analyze 86 primary studies spanning 2022 to early 2026, focusing specifically
on LLM applications across the full range of MDE tasks. In terms of unit of analysis, we charac-
terize distributions and trends across the corpus rather than examining how individual techniques
function or surveying enabling technologies broadly; our extraction fields cover LLM configu-
ration, artifact representation, execution structure, human involvement, validation practice, and
publication metadata, none of which are systematically addressed in either prior work. In terms
of intended use, our study is designed as a knowledge map to orient researchers within the LLM-
4MBDE field, identifying where research attention is concentrated, where gaps exist, and how the
community is structured, rather than providing a technical guide or a technology roadmap.

7 Conclusion

This paper provides a systematic mapping study of LLM applications in MDE, analyzing 86
primary research papers published between 2022 and early 2026. Guided by five research
questions, we characterized the research landscape from dimensions such as MDE task
distribution, LLM techniques and interaction strategies, artifact representation, validation
practices, and publication patterns. The results show that while the field is developing rap-
idly, it remains highly focused on model generation, primarily relying on black-box OpenAl
models accessed via remote APIs and adapted through prompt engineering. Furthermore,
the generated model-oriented outputs are more often represented in lightweight text for-
mats rather than MDE’s native exchange formats. Validation mainly focuses on quantita-
tive experiments, lacking baseline comparisons and reproducibility support. Most methods
remain standalone prototypes with limited integration with existing MDE toolchains.

Several directions warrant attention in future work. Although task types such as model
migration, DSL engineering, and meta-modeling are closely related to the MDE workflows,
their research remains unexplored. Agentic system design and deep integration with existing
MBDE toolchains represent untapped opportunities. In terms of evaluation, the broader adop-
tion of MDE-specific quality standards, the implementation of systematic baseline compari-
sons including open-source LLMs, and more standardized cost reporting will improve the
comparability and rigor of future studies. The two-tiered evaluation framework proposed in
Section 5.1 provides a starting point for these efforts.
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