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Abstract

Automating software modeling from natural language specifica-
tions is a central challenge in Model-Driven Engineering. Large
Language Models (LLMs) and Prompt Engineering techniques have
emerged as resources to automate this task, but the literature on
the topic remains fragmented across different diagram types, repre-
sentation languages, and instruction strategies. This paper presents
a Systematic Mapping Study on the use of LLMs and Prompt Engi-
neering for the generation, modification, and validation of software
modeling documents. From 475 studies identified in three digital
libraries (Scopus, IEEE Xplore, and ScienceDirect), 52 primary stud-
ies published between 2023 and 2026 were included after applying
inclusion and exclusion criteria and full-text reading. Results indi-
cate that GPT-family models remain predominant as the generation
engine (73.1% of the studies), that Class diagrams and Architecture
and Component models concentrate most of the produced artifacts,
and that Few-shot, Chain-of-Thought, and prompt chaining strate-
gies coupled with deterministic syntactic validators constitute the
most reported pattern to contain structural conformance errors.
The mapping also identifies a persistent gap in semantic validation
and explainability (XAI) mechanisms for the generated artifacts.

Keywords

Prompt Engineering, Large Language Models, Software Modeling,
UML, Systematic Mapping Study

1 Introduction

The development of complex software systems depends on mod-
eling activities and formal requirements specification to ensure
quality, maintainability, and alignment with business needs. The
Unified Modeling Language (UML) and other modeling languages
structure both static aspects (class and component diagrams) and
behavioral aspects (sequence, activity, and use case diagrams) of
a system. Traditionally, the transition from natural language re-
quirements to valid formal models demands high cognitive effort
and specialized technical knowledge, making the process prone to
errors and inconsistencies [10, 19].

The emergence of Large Language Models (LLMs) and Prompt
Engineering introduced a new paradigm to automate this transition,
replacing part of the manual construction of diagrams with work-
flows assisted by generative artificial intelligence [29]. However,
generating modeling artifacts imposes requirements distinct from
free-form text or source code generation: it demands strict syntactic
conformance to target metamodels and relational integrity among
entities. Attempts to use direct, monolithic single-turn prompts
frequently result in structural conformance failures [2, 52], and the
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models exhibit semantic vulnerabilities reported in the literature,
such as hallucination of concepts and entities that do not exist in
the target metamodel [17, 39].

Related secondary studies address generative Al in adjacent
contexts but do not cover the generation of modeling documents
through prompt engineering: Esposito et al. [12] synthesize GenAl
across the software architecture life cycle; Liu et al. [27] catalog
architectural patterns for foundation-model-based agents; and Su
et al. [48] map technology trends in software architecture. None of
them investigates the instruction strategies employed to generate,
modify, or validate UML diagrams, OCL constraints, or business
process models, a gap this mapping aims to fill. This work presents
a Systematic Mapping Study (SMS) that consolidates this knowl-
edge by answering four research questions about the technologies
employed, the instruction strategies used, the treatment of input
requirements, and the resulting modeling artifacts. The remainder
of this paper is organized as follows: Section 2 presents the back-
ground; Section 3 describes the methodological protocol; Section 4
presents the results; Sections 5 and 6 discuss the findings and the
threats to validity; and Section 7 concludes the paper.

2 Background

Large Language Models are built on neural network architectures
based on attention mechanisms (Transformers), trained on large
volumes of textual and source code data. In Software Engineering,
these models have evolved from text auto-completion assistants
into generative engines capable of translating informal require-
ments into executable code, design specifications, and technical
documentation [14, 56].

Prompt Engineering consists of the systematic design of instruc-
tions, rules, and constraints provided as input to the models, steer-
ing their behavior without retraining weights. The strategies most
frequently reported in the analyzed studies (Section 4.3) include
Zero-Shot (direct instruction only [13]), Few-Shot (input-output
examples illustrating the expected format [26]), Chain-of-Thought
(CoT, intermediate reasoning steps before the final answer [46]), and
Prompt Chaining (decomposition of a complex goal into sequential
steps, each consuming the previous output [28, 57]).

Model-Driven Engineering (MDE) elevates conceptual models
to first-class artifacts of the engineering process, from which code,
documentation, and data schemas can be derived through system-
atic transformations [11]. UML and OCL describe, respectively, a
system’s structure/behavior and the formal constraints ensuring its
logical consistency [1, 47]. The main challenge in integrating MDE
and LLMs lies in strict conformance to rigid metamodels: while
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traditional MDE relies on deterministic parsers, LLMs produce out-
puts stochastically, which demands hybrid architectures capable of
automatically validating and repairing the generated artifacts [52].

3 Methodology

This mapping was conducted following the guidelines of Petersen et
al. [42] and Kitchenham and Charters [22] for secondary studies in
Software Engineering, structured in three stages: (i) protocol plan-
ning; (ii) search execution and screening; and (iii) data extraction
and synthesis.

3.1 Research Questions

Four research questions (RQs) guided the mapping: RQ1 — Which
generative Al models and supporting tools are employed in soft-
ware modeling automation? RQ2 - Which Prompt Engineering
techniques guide the interaction with generative models? RQ3 —
How does the literature address the extraction and processing of
input requirements? RQ4 — Which software models and represen-
tation languages result from the assisted generation process?

3.2 Search Strategy

The search scope followed the PCC structure (Population, Concept,
Context), adopted instead of PICOC as more appropriate for a map-
ping study without a comparison arm: Population (software system
modeling processes and requirements specification); Concept (the
use of generative Al and Prompt Engineering to generate, modify,
or validate modeling artifacts); Context (academic and industrial
settings in which Al-assisted software modeling is investigated,
restricted to peer-reviewed publications from 2021 to 2026). The
search was executed in Scopus, IEEE Xplore, and ScienceDirect, re-
stricted to title, abstract, and keyword metadata, with the following
string:

("Generative AI" OR "Large Language Models" OR "LLM" OR
"GPT" OR "Chat-GPT") AND ("Prompt Engineering" OR "Prompt-
ing" OR "In-context learning") AND ("Software Modeling" OR
"System Modeling" OR "UML" OR "Software Architecture" OR
"System Design")

Scopus, IEEE Xplore, and ScienceDirect were selected for their
broad and complementary coverage of Software Engineering and
Artificial Intelligence venues. Scopus and ScienceDirect share the
same editorial group (Elsevier), which entails an expected degree
of overlap between the two sources; Scopus was nonetheless re-
tained because it additionally indexes publishers beyond Elsevier
(e.g., IEEE, Springer), while ScienceDirect provides deeper full-text
coverage of Elsevier venues. Because ScienceDirect enforces a max-
imum of eight boolean operators per query, the string was adapted
to ("Generative AI" OR LLM OR GPT) AND ("Prompt Engineering"
OR Prompting) AND ("Software Modeling” OR UML OR "Software
Architecture"), retaining the broadest root term per PCC facet.

3.3 Selection Criteria

Table 1 summarizes the five Inclusion Criteria (IC) and seven Ex-
clusion Criteria (EC) applied during screening.
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Table 1: Inclusion and exclusion criteria

ID Description

IC1 Generative AI/LLMs for requirements extraction, creation, modification,
or analysis of software models

IC2 Prompt Engineering techniques aimed at modeling

IC3 Peer-reviewed publications

IC4 Published between 2021 and 2026

IC5 Empirical evidence, prototypes, or case studies

EC1 Source code generation only, without high-level modeling

EC2 SE tasks unrelated to modeling

EC3 Gray literature

EC4 Languages other than English or Portuguese

EC5 Secondary studies
EC6 Duplicates
EC7 Article not publicly accessible

3.4 Screening and Extraction

The search and screening were executed between March 1 and May
31, 2026 using the Parsif.al platform!, following the PRISMA 2020
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
flow [40], summarized in Figure 1. Duplicate records were identi-
fied and removed automatically by the platform, without manual
re-verification. The remaining records were screened by title and
abstract against the IC/EC criteria (Table 1), and all retained studies
underwent full-text reading, followed by a quality assessment based
on four criteria: description of the prompt strategy, specification of
the model and its settings, presence of rigorous validation of the
generated artifacts, and availability of research artifacts. Each crite-
rion was scored as Yes (1.0), Partially (0.5), or No (0.0) (maximum
4.0; cutoff 2.0). All nine full-text-stage exclusions resulted from
EC7 (article not publicly accessible); none was due to the quality-
assessment cutoff. Screening, extraction, and categorization were
conducted by a single researcher (see Section 6, Internal Validity,
for the mitigation measures adopted).

Identification: 475 records
Scopus, IEEE Xplore, ScienceDirect

l 414 excluded

Screening: 61 selected
title and abstract, IC/EC

l 9 excluded (EC7)

[ Included: 52 primary studies ]

full-text reading + quality assessment

Figure 1: Study selection flow

Data extraction followed a structured form (year, AI model, sup-
porting tool and architecture, diagram type, representation lan-
guage, prompting strategy, validation method, and reported limi-
tations), applied and manually audited against the full text of the
52 included studies; the frequency statistics in Section 4 therefore
refer to the entire corpus. The analysis followed the faceted classi-
fication scheme of Petersen et al. [42]. The 52 primary studies fully
compose the reference list of this paper and are identified by the
labels P1-P52 (Table 2), adopted throughout Sections 4 and 5 to
attribute each finding to the studies that evidence it.

Uhttps://parsif.al
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Table 2: Primary studies included in the mapping, identified as P1-P52

ID  Study ID  Study ID  Study ID  Study

P1  Wan [52] P2 Liu [26] P3  Ferrari [13] P4  Mayr-Dorn [30]
P5  Maranhéo [29] P6  Rukmono [46] P7  Eisenreich [10] P8  Hatahet [18]
P9  Al-Ahmad [3] P10  Trifan [50] P11  Nast [37] P12 Abukhalaf [2]
P13 Rizzi [44] P14  Zhao [56] P15  Delgado [8] P16  Patel [41]
P17 Bates [4] P18  Dolha [9] P19  Siala [47] P20 Mercado [32]
P21 Zhuang [58] P22 Kim [20] P23 Nguyen [38] P24  Kong [23]
P25  Odu [39] P26  Malamas [28] P27  Wang [53] P28  Vitale [51]
P29  Zhang [55] P30  Muttillo [33] P31  Tanhaei [49] P32 Lamas [24]
P33 Calamo [5] P34  Fokaefs [14] P35  Naimi [35] P36  Jin [19]

P37  Rejithkumar [43] P38  De Vito [7] P39  Muttillo [34] P40  Nair [36]

P41  Fresemann [15] P42 Garaccione [16] P43  Zou [59] P44  Erum [11]
P45 Kim [21] P46  Licardo [25] P47  Rukmono [45] P48  Copei [6]

P49  Mazur [31] P50  Abukhalaf [1] P51  Gheorghita [17] P52  Zhu [57]

4 Results

This section presents the findings of the mapping, organized by
research question.

4.1 Overview

The 52 included studies were published between 2023 and 20262,
and concentrate mostly in the last two years of the analyzed pe-
riod: 50.0% published in 2025 and 23.1% in 2026, against 21.2% in
2024 and 5.8% in 2023. Three aspects contextualize this distribution.
First, although the search window opened in 2021 (IC4), no study
published before 2023 satisfied the selection criteria, which is con-
sistent with the broad availability of instruction-following LLMs
only after late 2022. Second, the growth coincides with the corpus-
internal adoption of reasoning-oriented models (P33, P23) [5, 38],
whose capabilities broadened the feasibility of higher-abstraction
modeling tasks. Third, the lower 2026 count reflects a partial year
(coverage through May 31, 2026), not a decline in research interest.

4.2 RQ1 - Al Models and Supporting Tools

Across the 52 included studies, the GPT family appears as the gen-
eration engine in 73.1% of the cases, followed by LLaMA (25.0%),
Qwen, DeepSeek, and Gemini (17.3% each), Mistral (15.4%), Claude
(11.5%), GLM (7.7%), Gemma (5.8%), and Phi (3.8%), as shown in Fig-
ure 2 (multiple choice; the sum exceeds 100% because several studies
compare more than one model). The predominance of GPT is con-
sistent with its recurring role as a comparison baseline, while open-
weight models (LLaMA, Qwen, DeepSeek, GLM) appear mostly in
multi-agent architectures executed locally via frameworks such as
Ollama (P45, P2) [21, 26]. This predominance may also partly reflect
an availability bias rather than a purely comparative-performance
advantage: GPT-family models were among the first LLMs to reach
broad public accessibility following the release of ChatGPT in late
2022, increasing their likelihood of adoption as a default choice in
early studies independent of comparative performance.

Regarding supporting tools, PlantUML stands out as the predom-
inant interpreter for rendering diagrams from declarative textual
syntax (P14, P2) [26, 56], graph databases such as Neo4j are used
to consolidate extracted semantic relations (P14) [56], and multi-
agent orchestration frameworks coordinate specialized roles in
generation pipelines (P45, P52) [21, 57].

225 studies from ScienceDirect, 17 from Scopus, and 10 from IEEE Xplore.

GPT/OpenAl
LLaMA
Qwen
DeepSeek
Gemini
Mistral
Claude

GLM
Gemma

Phi

0 10 20 30 40
Studies (N=52, multiple choice)

Figure 2: Frequency of AI model families (N=52)

4.3 RQ2 - Prompt Engineering Strategies

Figure 3 shows that Few-shot / In-Context Learning appears in 46.2%
of the studies, followed by Zero-shot and Persona/Role patterns
(38.5% each), Chain-of-Thought (30.8%), Prompt Chaining or feed-
back loops (17.3%), and Multi-Agent Debate (1.9%). The combined
use of these techniques, more than any single one, characterizes the
approaches with the highest syntactic reliability: chaining decom-
poses the generation of a complex diagram into smaller steps, each
evaluated before proceeding, while error feedback loops re-inject
compiler or parser messages into the prompt for self-repair (P14,
P52) [56, 57].

4.4 RQ3 - Requirements Processing and
Extraction

The treatment of input requirements follows two predominant ap-
proaches. The first decomposes the natural language specification
into structured units (entities, relations, flows) before submitting it
to the LLM, reducing the cognitive load per inference turn (P14) [56].
The second incorporates ambiguity mitigation mechanisms, such
as debate and self-reflection among specialized agents (P2) [26], to
handle incomplete or conflicting requirements before generating
the final model. Studies in regulatory domains (P21, P31) [49, 58] re-
port the need for additional human validation to handle ambiguous
normative requirements.



ISE 2026, September 11, 2026, Sao Paulo, SP, Brazil

Few-shot / ICL | | 24
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Chain-of-Thought —
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Multi-Agent Debate 7[| 1 L
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20 25

Studies (N=52, multiple choice)

0 5 10 15

Figure 3: Frequency of prompting strategies (N=52)

4.5 RQ4 - Artifacts and Representation
Languages
Table 3 shows that Class diagrams and Architecture and Compo-
nent models concentrate the highest frequency (25.0% each), fol-
lowed by Sequence (17.3%) and Use Case diagrams (15.4%). Formal
OCL constraints and business processes (BPMN) appear in 9.6%
of the studies each; Activity and State diagrams and goal models
(GRL) appear in 7.7% each; and niche artifacts — graph represen-
tations, Ecore/XMI, and AADL - appear more sparsely, reflecting
specific application domains, such as safety-critical embedded sys-
tems (P43) [59], business processes (P18, P46) [9, 25], and enterprise
modeling (P11) [37].

Table 3: Frequency of modeling artifact types (N=52)

Artifact Type Freq. %

Class Diagram 13 25.0%
Architecture / Components 13 25.0%
Sequence Diagram 9 17.3%
Use Case Diagram 8 15.4%
OCL Constraints 5 9.6%
Process Models (BPMN) 5 9.6%
Activity Diagram 4 7.7%
State Diagram 4 7.7%
Goals / GRL 4 7.7%
Graph Representations 3 5.8%
Ecore / XMI 2 3.8%
AADL 1 1.9%

Regarding output representation languages, PlantUML consoli-
dates itself as the predominant format, owing to its concise syntax
and low token consumption compared to XML representations;
XMI and structured JSON appear in studies prioritizing direct tool
integration (P49) [31]; and domain-specific languages compiled by
formal grammars appear in studies aimed at regulatory specifica-
tions and OCL constraints (P20, P26) [28, 32].
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5 Discussion

The findings of this mapping characterize recurring architectural
patterns and technical gaps in LLM-assisted software modeling
automation.

5.1 Recurring Architectural Patterns

A technically relevant pattern, present in 13 of the 52 studies (25.0%),
combines a generative model - predominantly from the GPT family
— as a flexible semantic translator, coupled with a deterministic
validator that checks syntactic conformance before delivering the
artifact to the user (P50, P44) [1, 11]. In the remaining 39 stud-
ies (75.0%), validation relies predominantly on similarity metrics
or expert judgment, without an explicit syntactic verifier in the
generation loop.

This neuro-symbolic coupling, when present, is frequently re-
inforced by Prompt Chaining: instead of delegating the generation
of a complex diagram to a single turn, the process is decomposed
into smaller sequential steps, each auditable in isolation. Multi-
agent frameworks with collaborating specialized roles appear as
an extension of this pattern for scenarios with higher requirement
uncertainty (P2, P20) [26, 32].

5.2 Structural and Behavioral Modeling

Although structural diagrams (Class, Architecture, Components)
and behavioral ones (Sequence, Use Case, Activity, State) appear
with comparable frequency in the corpus (Table 3), approximately
27% of the 52 studies (14 occurrences) explicitly report limita-
tions associated with dynamic aspects: dependency directionality,
cardinalities, temporal flows, and state transitions (P8, P13, P43,
P51) [17, 18, 44, 59]. This suggests the difficulty lies less in how
often behavioral diagrams are studied than in the precision of map-
ping their dynamic relations, an aspect frequency metrics alone do
not capture.

5.3 Technical Gaps

Three recurring gaps emerge from the synthesis. First, the valida-
tion of generated artifacts concentrates mostly on syntactic confor-
mance (the diagram compiles or is well-formed), with few studies
evaluating semantic correctness against the actual intent of the
input requirement (P44, P51, P26) [11, 17, 28]. Second, the absence
of Explainable AI (XAI) mechanisms limits the auditability of mod-
eling decisions made by LLMs, hindering adoption in regulated
domains (P36) [19]. Third, benchmarks and datasets specific to soft-
ware modeling remain scarce compared to those for source code
generation, hindering objective comparisons; one study reports a
risk of training-data leakage when reusing benchmarks predating
model training cutoffs (P34) [14].

6 Threats to Validity

Following the classification of Wohlin et al. [54], four threat cate-
gories are identified and discussed below.

Construct validity. This threat was mitigated by the calibra-
tion of the search string and the use of three consolidated indexing
libraries. Nevertheless, the restriction to English and Portuguese
(EC4) may have excluded relevant studies published in other lan-
guages.
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Internal validity. Screening, extraction, and categorization
were conducted by a single researcher. To mitigate this risk, ob-
jective inclusion and exclusion criteria were applied, along with a
manual audit of the structured extraction against the full text of
the 52 included studies.

Conclusion validity. The categorization of technologies, prompt-
ing strategies, and artifact types into aggregated families (Figures 2
and 3, Table 3) involves grouping decisions that may simplify tech-
nical variations reported in the original studies.

External validity. The 2023-2026 time frame and the pace
of new model releases limit the durability of the technological
conclusions, making periodic updates of this mapping advisable.

7 Conclusion and Future Work

This paper presented a Systematic Mapping Study on Prompt En-
gineering and Large Language Models for generating software
modeling documents, based on 475 identified and 52 included pri-
mary studies, with data extraction audited for the entire corpus. The
four research questions were answered as follows. Regarding RQ1,
the GPT family remains the predominant generation engine (73.1%
of the studies), while open-weight models gain ground in locally
executed multi-agent architectures. Regarding RQ2, Few-shot/ICL
(46.2%) and Zero-shot (38.5%) prevail as instruction strategies, but
the approaches with the highest reported syntactic reliability com-
bine them with deterministic validators in the generation loop — a
neuro-symbolic pattern present in 25.0% of the corpus. Regarding
RQ3, requirements processing converges on structured decomposi-
tion before generation and on ambiguity mitigation through agent
debate and self-reflection. Regarding RQ4, Class diagrams and Ar-
chitecture/Component models concentrate the produced artifacts
(25.0% each), with PlantUML as the dominant representation lan-
guage, though roughly a quarter of studies report limitations in
mapping dynamic relations in behavioral diagrams. Finally, the
mapping highlights gaps in semantic validation, explainability, and
modeling-specific benchmarks, each acknowledged within the cor-
pus itself (P26, P36, P34) [14, 19, 28].

As future work, we highlight: the development of benchmarks
and datasets dedicated to the semantic — and not only syntactic —
evaluation of Al-generated models; the investigation of Explainable
AI (XAI) mechanisms applied to the auditing of modeling decisions;
and comparative studies specifically targeting the precision of dy-
namic relation mapping (directionality, cardinality, state transitions)
in behavioral diagrams.

A further gap concerns language coverage: none of the 52 in-
cluded studies evaluates model generation from Portuguese-language
requirements or employs Brazilian-developed LLMs (e.g., Sabia/
Maritaca), an unexplored direction with direct relevance to research
and industry communities operating in Portuguese.

Artifact Availability

The mapping artifacts (search results, screening decisions per crite-
rion, structured extraction forms, and the verified BibTeX bibliog-
raphy) are publicly available in an open repository: https://doi.org/
10.5281/zenodo.21905779.
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