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Systematic Review of Automatic UML
Diagram Generation

Nimsha Fernando and Chaman Wijesiriwardana

Abstract Unified Modeling Language (UML) diagrams are widely used to support system understanding, design
communication, and traceability in software engineering, yet their manual creation and maintenance have become increasingly
difficult in fast-paced, requirements-driven development environments. This systematic literature review addresses the problem
of how effectively UML diagram generation can be automated and which approaches and diagram types demonstrate the
strongest empirical performance. Following the PRISMA framework, peer-reviewed studies published between 2015 and 2025
were systematically identified, screened, and analyzed. The reviewed methods span rule-based techniques, hybrid machine-
learning pipelines, transformer-based models, large language models, and code-driven extraction approaches. The findings reveal
a clear methodological shift from deterministic rule-oriented solutions toward data-driven and learning-based techniques that
better accommodate linguistic variability and evolving requirements. Structural UML artefacts, particularly class diagrams,
consistently exhibit the highest reported effectiveness, frequently achieving accuracy levels above 90%, while behavioral and
interaction-oriented diagrams such as sequence and activity diagrams show lower and more variable performance. Despite this
progress, persistent challenges remain, including sensitivity to ambiguous requirements, difficulties in relationship inference, and
semantic inconsistencies in generative outputs, indicating that fully autonomous UML generation is not yet feasible. Overall, the
results suggest that automated UML generation is most effective when applied as an assistive capability supported by validation
mechanisms and human oversight. From a translational perspective, these insights support the development of more reliable
modelling tools that can improve traceability, design consistency, and decision-making in real-world software engineering
practice, particularly in large-scale and safety-critical systems.

Index Terms— Automated UML generation, Model-driven development, Requirements engineering, Unified Modeling Language

development contexts [4]. Collectively, these studies
establish UML as a central artefact for communication,
traceability, and design reasoning in software engineering.

I. INTRODUCTION

NIFIED Modeling Language (UML) diagrams are
commonly used in software engineering to describe

complex systems in a clear and structured way. Kog et al.
report that UML diagrams are widely used to support
system analysis, design communication, and documentation
across the software development lifecycle, making them
one of the most enduring modelling formalisms in the field
[1]. In a similar vein, Mornie et al. explain that UML
diagrams play a key role in visualizing requirements
artefacts such as user stories, thereby supporting shared
understanding between technical and non-technical
stakeholders [2]. From a conceptual standpoint, Valiente et
al. demonstrate that ontology-based and model-driven
approaches strengthen UML’s importance by explicitly
linking problem-domain concepts with technical design
representations [3]. Bozyigit et al. further observe that
UML models are frequently used as a bridge between
software requirements and conceptual models, reinforcing
their relevance in requirements-driven and model-driven
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Although UML diagrams are still widely used, keeping
them up to date has become increasingly difficult in modern
development work. Stettina and Heijstek note that agile
ways of working place emphasis on short iterations and
frequent changes, which often means documentation is
postponed or treated as a secondary task [5]. Umar et al.
describe a similar situation, observing that ongoing
requirement changes and fast-moving codebases make it
challenging to keep UML models aligned with what is
actually implemented in agile, model-driven projects
[6].Torre et al. observe in their mapping study that this
misalignment commonly leads to UML diagrams becoming
outdated or only partially accurate, which in turn reduces
their practical value [7]. In many projects, diagrams are
therefore no longer treated as dependable design artefacts
but are instead used informally or abandoned altogether.
This situation weakens traceability across requirements,
design, and implementation, limiting the usefulness of
UML for long-term system understanding and maintenance.

In response to these issues, researchers have increasingly
examined ways of generating UML diagrams automatically
by making use of artefacts already produced during
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software development. Ahmed et al. describe the
conversion of natural language requirements into UML
models as an important research direction, primarily
motivated by the need to reduce manual modelling effort
and maintain closer alignment between requirements and
design representations [8]. Li et al. point out that machine
learning has gradually found its way into requirements
engineering, especially for practical tasks like pulling out
relevant information and sorting it in ways that can later
support UML modelling [9]. However, studies also make it
clear that these techniques do not work equally well in all
situations. Akay et al. report that machine learning
techniques are able to pick out design-related information
from requirements text, but they also note that results vary
greatly depending on how features are defined and how
outputs are checked [10]. Rahman et al. describe a
comparable limitation, showing that deep learning can
assist with identifying non-functional requirements only
when the training data has been prepared carefully and
labelled in a consistent manner [11].

More recent studies have begun to widen the scope of
this work by looking beyond text alone. Meng et al.
illustrate that class diagrams can be produced directly from
written requirements through the use of natural language
processing techniques [12]. By contrast, Conrardy and
Cabot take a different approach, focusing on the recovery of
UML models from sketches and existing diagram images
using language-based methods [13]. Zhang et al. look at
how ChatGPT can be used to assist with class diagram
generation from natural language descriptions, positioning
it as a supporting aid rather than a replacement for human
judgement in modelling tasks [14]. Related studies by Bates
et al. and Johnson and Martinez explore multimodal
language models for generating code from UML artefacts
and report that, although the results are encouraging,
technical limitations remain [15], [16].At the same time, Pei
et al. and De Bari point out that issues such as ambiguous
language, reliance on unstated domain knowledge, and the
ongoing need for human checking continue to limit how far
UML generation can be automated in real settings [17],
[18].

Although many automated approaches have been
proposed, the literature remains fragmented across UML
diagram types, input modalities, and technical strategies.
Abdelnabi et al. observe that most studies concentrate on
class-diagram generation, while behavioral and interaction-
oriented diagrams receive limited attention [19]. Ahmad et
al. and Rozo et al. report uneven empirical evidence across
diagram types and note that differing evaluation methods
make results hard to compare [20], [21]. Recent reviews by
Zadenoori et al. and Ronanki et al. indicate that advances in
large language models have expanded the solution space
without yet providing consolidated, comparable evidence of
effectiveness across UML artefacts [22], [23]. Taken
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together, prior work reveals a clear gap: despite many
proposals, there is no single synthesis that compares
diagram types, input sources, and evaluation practices from
a consistently UML-centered perspective.

This review addresses that gap by examining how
automated UML techniques published between 2015 and
2025 have been applied in practice, focusing on the
modelling challenges they confront and the diagram types
that perform most consistently. Its contribution is threefold:
it consolidates fragmented evidence into a UML-centered
synthesis, it provides a quantitative comparison of reported
performance across diagram types and techniques, and it
derives practical implications for tool builders and
practitioners in industrial and safety-critical contexts. The
following research questions (RQs) guide the discussion.

* RQI: To what extent have automated approaches
addressed the challenges of UML diagram generation, and
what limitations remain unresolved?

* RQ2: Which UML diagram types and supporting
techniques  demonstrate  the  strongest  empirical
effectiveness across  different input artefacts and
application contexts?

The remainder of this paper is organized as follows.
Section II reviews related work; Section III outlines the
methodology; Section IV presents the results and
discussion; and Section V concludes with future research
directions and industrial applications.

II. RELATED WORK

Research on automatic UML generation has developed
across several adjacent fields, including requirements
engineering, model-driven development, and natural
language processing, rather than along a single unified line.
To keep the discussion focused, prior work is grouped into
three themes: ecarlier consolidating reviews and the
coverage gaps they expose; requirements-driven generation
through  rule-based, transformation, and learning
techniques; and the recent turn to large language models.

A. Prior Reviews and Coverage Gaps

Several mapping studies and surveys have attempted to
consolidate the field. Torre et al. [7] classify synthesis
approaches by input source, target diagram, and degree of
automation, observing that class and sequence diagrams
dominate the literature while state-based and activity
diagrams are comparatively neglected, and that many
techniques are validated only on small, controlled
examples. Ahmed et al. [8] reach similar conclusions for
approaches generating UML from natural-language
requirements, repeatedly identifying ambiguous input and
incomplete diagram coverage as limiting factors, while
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Mornie et al. [2] report that techniques derived from user
stories rarely progress beyond early design. In the testing
domain, Ahmad et al. [20] find that model-based testing
increasingly relies on automatically generated activity
diagrams yet still depends on rule-based transformation
when requirements are ambiguous, and Rozo et al. [21]
confirm that class and sequence diagrams receive
disproportionate attention relative to behavioral artefacts.
Across these reviews the message is consistent: coverage
across diagram types and development stages is uneven,
and inconsistent evaluation makes cross-study comparison
difficult.

B. Requirements-Driven Generation:Rules, Transformation,
and Learning

A large body of work derives UML models directly
from textual requirements. Early and still widely used
approaches rely on linguistic rules and heuristics, treating
nouns as candidate classes and verbs as relationships, or on
domain ontologies [4], [24], [25]. Such methods are
transparent and effective within narrow, well-structured
domains but transfer poorly to new contexts without
substantial rework, and their evaluation on small or bespoke
benchmarks limits comparability [4], [26]. Natural language
processing techniques such as part-of-speech tagging,
dependency parsing, and named entity recognition underpin
many of these pipelines, but Dalpiaz et al. [27] show that
ambiguous, incomplete, and domain-specific requirements
directly degrade the quality of the resulting artefacts.

To address this brittleness, the field has moved toward
learning-based methods. Li et al. [9] document a broad shift
toward data-driven techniques in requirements engineering,
while Abdelnabi et al. [19] find that, although automation
accelerates early class diagram modelling, manual
refinement of classes, attributes, and relationships is still
required. Model transformation research complements this
line. Kahani et al. [28] show that declarative transformation
languages are easier to maintain at low complexity but lose
that advantage as transformations grow, and several studies
report that combining declarative and imperative styles is
more robust for complex or loosely defined requirements
[29], [30]. Closely related is requirements traceability,
which sustains the links between requirements, models, and
code on which automated generation depends. Goulao et al.
[31] and Garcia Garcia et al. [32] demonstrate that model
driven traceability reduces the manual, error prone effort of
maintaining these links in large, evolving systems.

C. Large Language Models and the Current Frontier

The most recent work applies large language models to
UML tasks, typically in zero-shot or few-shot
configurations [22], [33], [34]. Their appeal lies in strong
generalization and the ability to produce diagrams without
task-specific retraining, but empirical evaluations expose
new failure modes. Ferrari et al. [33] document hallucinated
entities, missing interactions, and incorrect relationships in
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generated sequence diagrams, and show that careful prompt
design measurably reduces these errors. Bouali et al. [35]
find that human review remains necessary to ensure
correctness, and Rouabhia et al. [36] report persistent
difficulty in maintaining semantic consistency during class
diagram augmentation.

TABLEI

SUMMARY OF KEY LITERATURE ON AUTOMATIC UML DIAGRAM
GENERATION

Main

Study Contribution

Key Limitation

Limited validation on
industrial datasets

Torre et al. Systematic

(2018) mapping of
UML synthesis
approaches

Ahmadetal. Use of activity

(2019) diagrams for
model-based
testing

Requires clearly defined
requirements

Bozyigit et Linking Heuristic-based approach;
al. (2021) requirements to  inconsistent evaluation
UML models

Abdelnabi et UML class

al. (2021) diagram
generation from
requirements

Requires human
refinement

Kog et al. Analysis of Fragmented effectiveness
(2021) UML usage evidence

across software

engineering

Dalpiaz et Application of

al. (2018) NLP in
requirements
engineering

Ambiguity and
incompleteness issues

Kahani etal.  Comparison of Hybrid approaches require
(2018) model expertise

transformation

languages

Zadenooriet Useof LLMsin  Limited use of advanced

al. (2025) requirements prompting
engineering
Ronanki et Generative Al Hallucinations; need for
al. (2024) for requirements ~ domain-specific data
processing

Beyond single prompt use, Ronanki et al. [37] propose
NOMAD, a multi agent architecture for class diagram
generation that improves accuracy over single agent
baselines. Synthesizing the LLM literature, Zadenoori et al.
[22] and Ronanki et al. [23] note that most studies still rely
on simple prompting rather than retrieval augmented
generation or fine tuning, and that grounding, domain
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accuracy, and reliability remain unresolved, indicating that
these models are not yet suitable for unsupervised use.
Across all three themes the evidence is uneven, structural
diagrams are better served than behavioral ones, and
evaluation inconsistencies limit comparability, motivating
the UML centered synthesis undertaken here [1], [7], [22].

1. METHODOLOGY

This systematic literature review was carried out with the
aim of carefully examining existing research on the
automatic generation of Unified Modeling Language
(UML) diagrams. To guide the review process, the
PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) framework was followed, as
outlined by Page et al. [38]. This framework was chosen
because it offers a practical way to organize the review
process, from identifying relevant studies to deciding which
papers should ultimately be included. Using this structure
helped keep the selection process consistent and reduced
the likelihood of overlooking relevant work, resulting in a
more reliable overview of current research in automated
UML diagram generation.

A. Keywords Utilized

A structured keyword strategy was adopted to ensure
comprehensive retrieval of relevant literature while limiting
false positives. Keywords were organized into three
conceptual categories reflecting the interdisciplinary nature
of UML automation research.

e UML terminology and included terms: “UML”, “Unified
Modeling Language”, “Class diagram”, “Sequence

”» >

diagram”, “Activity diagram”, “Use case diagram”).

¢ Automation and Transformation Concepts: (“Automatic
generation”, “Model transformation”, “Reverse
engineering”, “Diagram synthesis”, “Model-based

testing”).

e Requirements and Modelling Contexts: (“Natural
Language Requirements”, “User

s

Stories”, “Requirements-To-Model”).

These keyword groups were combined using Boolean
operators (AND/OR) and iteratively refined during pilot
search executions to improve recall and precision. This
refinement process ensured that the final search strategy
captured both established and emerging approaches to
UML automation.

B. Databases and Frameworks

The search was carried out across several established
digital libraries, including IEEE Xplore, the ACM Digital
Library, SpringerLink, ScienceDirect, Scopus, and Web of
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Science, selected because they regularly publish peer
reviewed journal and conference papers in UML,
requirements engineering, and model driven development.
Google Scholar was also consulted to identify relevant grey
literature, including technical reports and preprints, where
their methodological quality could be assessed. Searching
across multiple sources inevitably produced duplicate
records; rather than a drawback, this overlap improved
coverage and reduced missing key studies.

C. PRISMA Workflow

An overview of the study selection process is presented in
the PRISMA flow diagram shown in Figure 1.

Records identified through database

(IEEE Xplore, ACM, Scopus, Web of Science,
Springer, ScienceDirect, Google Scholar)
(n=520)

I

Duplicates removed
(n=148)

I

Records after duplicates removed
(n=372)

|

Titles/abstracts screened
(n=372)

Excluded after relevance sereening
« UML mentioned only tangentially
« Manual or tool-assisted modelling
without automation
« Non-peer-reviewed or grey literature
(n=265)

I

Screening
Full-text articles assessemed for
eligibility
(n=107)

Automaton presence, UML artefact generation,
evaluation rigor

Eligibility

Full-text articles assessed for eligibility
(n=107)

evaluation rigor

Excluded after methodological assessment

« Conceptual or descriptive proposals
without implementation

« Reverse engineering studies lacking UML
artefact generation

« Secondary studies (reviews, surveys)

« Insufficient experimental design or
evaluation

(n=75)

Automation presence, UML artefact generation,

Empirically validated, automation-
focused UML studies

!

Inclusion

Studies meeting inclusion criteria
(n=32)

!

Studies included in synthesis
(n=32)

Empirically validated, automation-focused
UML studies

Fig.1. PRISMA 2020 flow diagram of the study-selection process,
showing the identification, screening, and eligibility stages that narrowed
520 initial records to 32 primary studies included in the synthesis.

1) Identification Phase:

The review began by collecting material from a range of
academic databases, including IEEE Xplore, ACM,
SpringerLink, ScienceDirect, Scopus, and Web of Science,
alongside Google Scholar, selected for their strong
coverage of software engineering research, which initially
produced 520 publications dated between 2015 and 2025.
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At this stage, the aim was not to narrow the scope too
quickly, but to ensure that relevant work on automated
UML diagram generation was not missed due to overly
restrictive search terms. After the initial set of records had
been compiled, repeated entries were identified and
removed, as overlapping coverage across databases meant
duplication was expected. This was done first with the help
of reference management software and then checked
manually by comparing titles, author information, and DOI
details. After deduplication, 372 studies were retained for
review.

2) Screening Phase:

The next stage involved reviewing the titles and abstracts
of these 372 studies. Each record was assessed against a set
of relevance criteria defined in advance. Papers were
excluded when they did not involve UML diagrams,
focused only on manual modelling practices or educational
contexts, addressed modelling approaches unrelated to
UML, or were not peer-reviewed. Through this extensive
filtering process, a large number of papers were found to be
outside the scope of the review, resulting in the exclusion of
265 studies. In several cases, exclusions were based on a
lack of technical detail or an absence of any clear
automation component. When uncertainty arose, a
conservative decision was taken to retain the study for
further examination at the full-text stage. The remaining
107 papers were considered suitable for full-text review.

3) Eligibility Phase:

A more detailed assessment was then carried out by
reading the full texts of these 107 studies. To remain within
the scope of this review, eligible studies needed to either
propose or ecvaluate techniques for automated UML
diagram generation, treat UML diagrams as core or
intermediate artefacts, and provide empirical evidence or
clear methodological contributions. Only peer-reviewed
publications published between 2015 and 2025 were
considered. At this point, several studies were removed
because they did not provide enough substance for detailed
analysis. Some papers discussed UML generation only at a
conceptual level, while others were secondary reviews that
did not contribute to new findings. A number of studies
focused entirely on reverse engineering from source code
and did not consider requirements as an input, which placed
them outside the scope of this review. In a few cases, the
methodological details were too limited to allow proper
evaluation. After applying these exclusions, 75 studies were
not taken forward.

4) Inclusion Phase:

The final group consisted of 32 studies that were
examined in more detail. This was not intended to represent
the largest possible collection of papers, but rather a set that
could be analyzed carefully without losing sight of the
wider research landscape. Working with this group made it
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possible to see broader patterns in how automated UML
generation has developed over time, including a gradual
move away from strictly rule-based solutions toward more
data-driven techniques such as machine learning,
transformer models, and recent language-model-based
approaches. Studies were favored when they explained their
automation mechanisms in sufficient detail and provided
experimental evidence to support their claims, as this made
it easier to assess practical usefulness as well as remaining
limitations. Looking across this set also helped reveal
recurring strengths and weaknesses that appear across
different lines of work, which in turn informed how the
research questions of this review were addressed. This also
helped highlight areas where further investigation is
needed, particularly in terms of evaluation consistency and
real-world applicability.

IV. RESULTS AND DISCUSSION

A. Analytical Overview of the Selected Studies

The 32 primary studies can be analyzed along three
dimensions: the methodological paradigm they adopt, the
UML artefacts they target, and the maturity of the
evidence they provide. Viewed this way, the corpus
reveals an interpretable structure rather than a simple
chronological progression. Methodologically, the studies
cluster into four paradigms: rule based, hybrid combining
machine learning with rule-based validation, transformer
based, and large language model based, whose relative
prominence shifts across the 2015 to 2025 window, as
summarized in Fig. 2. The analytical significance of this
distribution is not that newer techniques simply appear
later, but that each paradigm enters the field to address a
specific documented weakness of its predecessor. Hybrids
emerge to reduce the brittleness of hand-crafted rules
under linguistic variability [9], [39], transformers are
adopted to capture contextual dependencies that local
pattern methods miss [40], [41], and large language
models are introduced to reduce the need for task specific
retraining altogether [33], [34]. The trajectory therefore
reflects a problem driven response to recurring limitations
rather than the adoption of novelty for its own sake [8],
[7].

A second observation concerns the mismatch between
methodological effort and artefact coverage. Although the
methods grow more sophisticated, research attention
remains concentrated on structural artefacts, especially
class diagrams, while behavioral and interaction-oriented
diagrams remain comparatively under studied across all
four paradigms [7], [21], [19]. The field is thus
methodologically deep but representationally narrow, as
advances in technique have not been matched by a
broadening of modelling targets.

Copyright ©2026 belongs to Department of Information and Communication Technology, Faculty of Technology,

South Eastern University of Sri Lanka, University Park, Oluvil, #32360, Sri Lanka

ISSN: 2961-5992

52



Journal of Information and Communication Technology (JICT)

Finally, the strength of evidence varies systematically
with paradigm. Rule based and hybrid studies tend to
report results on small curated requirement sets, whereas
transformer based and LLM based studies increasingly
report quantitative accuracy figures yet often omit dataset
descriptions and apply inconsistent evaluation criteria [1],
[9], [42]. The apparent improvement in reported
performance over time must therefore be interpreted
cautiously, since it partly reflects changes in evaluation
practices rather than true improvement under comparable
conditions. These three observations, paradigm
substitution, narrow artefact coverage, and uneven
evidence quality, collectively frame the analysis presented
for the two research questions below.

Hybrid (ML + Ruhs) Large Language Models

2010 2015 2020

Predefined Early Machine Context-Aware

Rules and Patterns  Learning Integration Neural Networks Few-Shot Generation

Fig. 2. Evolution of automated UML-generation approaches, 2010-2025,
showing the progressive shift from rule-based methods to hybrid,
transformer-based, and large-language-model techniques, each emerging
to address limitations of the preceding paradigm.

B.RQOI: To what extent have automated approaches
addressed the challenges of UML diagram generation, and
what limitations remain unresolved?

Across the studies reviewed, several distinct ways of
approaching UML automation can be observed, each
reflecting different attempts to deal with problems that have
existed in this area for some time [8], [9], [7]. Much of the
earliest work relies on rule-based techniques [24], [25]. In
these approaches, linguistic patterns are explicitly defined,
such as treating nouns as candidate classes and verbs as
indicators of relationships, as illustrated in the methods
proposed by Bashir et al. [25] and Waragde and Sharma
[24]. These systems are generally straightforward to
implement and can work reasonably well when
requirements are written in a structured manner and use
consistent terminology [39]. An additional advantage often
noted is the clear traceability they provide between the
original text and the generated model, which is particularly
valued in regulated or safety-critical contexts [7], [24].

At the same time, the literature consistently points out
that such approaches struggle once they are applied beyond
controlled settings. Ambiguous language, inconsistent
naming, and informal phrasing all have a noticeable impact
on performance [9], [27]. Since real requirements rarely
follow strict syntactic rules, purely rule-based solutions
tend to behave unpredictably when exposed to realistic
inputs [39], [43]. As limitations in purely rule-based
methods became clearer, some researchers began
experimenting with combinations of learning-based
techniques and explicit rules [43]-{45]. In these
approaches, machine learning is typically used to handle

Volume 04. Issue 01 July (2026)

variation in language, while rules are kept in place to
represent domain knowledge and maintain semantic
consistency [43], [46]. Reported results suggest that this
balance can make systems more stable. For example, Nair
and Thushara [45] note improvements of around 15-20% in
actor identification when hybrid methods are used instead
of a single technique, and Sanyal et al. [43] describe gains
in consistency when learned outputs are checked using rule-
based validation. Other alternatives have also been
considered. Omer and Eltyeb [46], for instance, show that
case-based reasoning can reach similar performance levels
without relying on large training datasets. Even so, these
studies make it clear that effective automation still depends
heavily on how well domain knowledge is defined, rather
than on learning mechanisms alone [45], [46].

Alongside these developments, attention has increasingly
shifted toward transformer-based neural models [40], [41],
[47]. Because these models use attention mechanisms to
capture context across longer spans of text, they are better
suited to the complexity typically found in real
requirements descriptions than earlier methods focused on
local patterns [40], [41]. Empirical findings from recent
studies suggest that transformer-based models can be
effective for certain sub-tasks in UML generation. For
example, Shweta et al. report improvements when
RoBERTa is fine-tuned on requirements datasets, while
work by Babaalla et al. shows high accuracy for entity
extraction using models from the BERT family [41], [47],
[48]. These results indicate clear progress in identifying
relevant elements from text. At the same time, several
studies point out that success at the extraction level does not
automatically extend to higher-level modelling tasks. In
particular, inferring relationships and cardinalities remains
difficult, limiting the extent to which UML generation can
be fully automated [40], [47].

More recent research turns to large language models in
zero-shot or few-shot configurations [33], [35], [34],
attractive for their generalization and ability to generate
diagram representations without retraining [33], [34]. Yet
empirical evaluations reveal new challenges: Ferrari et al.
document hallucinated entities, missing interactions, and
incorrect relationships in generated sequence diagrams [33],
and Bouali et al. show that human review remains
necessary to ensure correctness [35]. Reviews by Zadenoori
et al. and Ronanki et al. highlight unresolved problems of
grounding, domain accuracy, and reliability, indicating
these models are not yet suitable for unsupervised use [22],
[23]. The persistence of these challenges across techniques
is summarized in Table II, which shows that no single
category of approach simultaneously resolves ambiguity,
semantic correctness, and scalability.

An alternative research direction focuses on code-driven
extraction, where UML diagrams are derived from source
code or execution traces rather than requirements text [49],
[7]. These approaches often achieve high precision when
implementation artefacts are available, addressing the
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common situation in which documentation lags behind code
[49]. However, their applicability is limited to systems with
accessible and stable implementations, making them
unsuitable for early-stage design or greenfield projects [7],
[24]. This confines their usefulness largely to maintenance
and reverse-engineering scenarios rather than initial system
modelling, and reduces their relevance in requirement-
centric development contexts where system behavior is still
being defined. Because it operates on a fundamentally
different input modality, code-driven extraction sits outside
the four-paradigm  progression described earlier,
representing a complementary rather than competing line of
work, one that could potentially be paired with
requirements-based methods to cross-validate generated
models against implementation artefacts [22], [33], [49].
This comparative perspective is consolidated in Table II,
which contrasts the challenges addressed and the remaining
limitations of the main categories of UML automation
approaches.

TABLE II
COMPARISON OF APPROACHES FOR AUTOMATED UML DIAGRAM
GENERATION
Challenges Remaining Limitations and Key
Approach Addressed Studies
Rule-Based Transparent Fails on ambiguous or varied

extraction from requirements; Key studies: [24], [39]
structured text

Hybrid (ML Flexibility with Requires domain knowledge
+ Rules) semantic engineering; Key studies: [44], [43],
validation [46]

Transformers  Context-aware Relationship inference and
entity extraction cardinality challenging; Key studies:
(=95% accuracy)  [40], [41], [47]

Large Zero-shot Hallucinations, omissions, semantic
Language generalization errors; Key studies: [33], [35], [34]
Models across diagram

types

Code-Driven  High precision
when source
code available

Limited to reverse-engineering
scenarios; Key studies: [49]

C.RQ2: Which UML diagram types and supporting
techniques  demonstrate  the  strongest  empirical
effectiveness across different input artefacts and
application contexts?

Reported effectiveness differs markedly across UML
diagram types, largely because of differences in structural
complexity and semantic demands [1], [9], [7]. Class
diagrams receive the most attention and consistently
achieve the strongest results [8], [7]; their close
correspondence with object-oriented constructs makes them
relatively straightforward to derive from both requirements
text and source code [49]. This correspondence builds on
the noun-to-class heuristics underlying earlier rule-based
work, which later learning-based methods have refined
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rather than replaced [24], [25]. Across studies, accuracy for
class-related entity extraction is frequently above 90%, and
in some deep-learning approaches exceeds 95% [47], [48].
This disparity across diagram types is illustrated in Fig. 3,
which shows the consistently stronger effectiveness
reported for class diagrams relative to behavioral and
interaction-oriented artefacts. These findings suggest that
class-diagram generation has reached a comparatively
mature stage of automation in well-defined, structurally
consistent contexts [8], [7], consistent with the artefact-
coverage imbalance noted earlier [7], [21], [19]. The lower,
more variable performance of behavioral diagrams reflects
the greater difficulty of inferring temporal dynamics and
interaction semantics from natural language alone [33],
[39]; consequently, automation effectiveness is increasingly
evaluated per diagram type [9], [7]. The remainder of this
section examines that variation in detail.

100%

90%

©
=1
R

70%

60%

Reported Accuracy

w
o
32

40%

Class Diagrams ~ Use Case Sequence Activity/Data Flow
Diagrams Diagrams Diagrams

Fig. 3. Reported accuracy by UML diagram type, showing class diagrams
(=96%) outperforming use-case (<87%) and sequence diagrams (<73%),
with activity and data-flow diagrams lowest (=56-67%), reflecting the
difficulty of automating behavioral semantics.

In contrast, use case and sequence diagrams show more
moderate performance. These diagram types must represent
temporal behavior and interactions, which are inherently
more difficult to infer from textual descriptions alone [33],
[39]. Reported correctness typically falls within the mid-
70% to low-80% range, depending on the quality of the
input requirements and the techniques applied [33], [44],
[45]. Data flow and activity diagrams receive considerably
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less attention and generally demonstrate lower empirical
performance [34], [50]. The available studies report
reduced correctness, reflecting ongoing difficulties in
modelling control flow, concurrency, and dynamic system
behavior [50]

Certain supporting techniques recur in studies reporting
stronger outcomes. Careful preprocessing of requirements
text, including normalization and sentence segmentation, is
consistently associated with reduced downstream errors
[39], [43]. Context-aware representations, particularly from
transformer-based models, improve robustness by capturing
relationships beyond local word patterns [40], [41]. Hybrid
strategies that combine machine learning with rule-based
validation further enhance reliability by enforcing domain
constraints [43], [45], [46]. For large language models,
prompt design is especially influential: Ferrari et al. [33]
show that structured prompts—specifying output formats,
providing in-context examples, or requesting step-by-step
reasoning—substantially reduce the range of error types in
generated sequence diagrams. A smaller body of work
treats specifications and implementation artefacts as
relational structures rather than linear text; Shivamurthy et
al. [50] show that this perspective uncovers connections
difficult to identify through sentence-level processing
alone. These supporting techniques and their reported
impact are summarized in Table III.
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TABLE IV
REPORTED QUANTITATIVE PERFORMANCE ACROSS REPRESENTATIVE
PRIMARY STUDIES

Approach TARGET Reported Quantitative Result Evaluation
(refs) DIAGRAM Basis / Dataset
Rule-based  Class, use Reliable only on structured Small curated
[24], [25], case text; degrades sharply on requirement
[39] ambiguous input sets (size NR)
Hybrid ML Class, use +15-20% actor identification  Project-specific
+ rules case, [45]; 20-30% gain over requirement
[43], [45], sequence single methods; CBR sets (size NR)
[46] reaches comparable accuracy
without large training data
[46]
Transformer-  Class ~95% entity extraction; class ~ BERT/RoBER
based [40], accuracy >90%, exceeding Ta fine-tuned
[41], [47], 95% in some deep-learning on requirement
[48] models corpora (size
NR)
Large Sequence, Prompt design raised quality ~ Requirement-
language class score from 3.2 to 4.1 of 5 to-diagram
models and reduced distinct error prompts; expert
[331, [35] types from 23 to 6-8 [33]; / teaching-
human review still required assistant
[35] scoring
Code- Class, High precision when source Implementation
driven sequence code is available artefacts (size
extraction NR)
[49]
Aggregate Class /use  ~96% /~87% /=73% /=56—  Aggregated
by diagram  case / 67% across
type (Fig. sequence / reviewed
3) activity— studies
DFD

TABLE III
SUPPORTING TECHNIQUES WITH THE STRONGEST EMPIRICAL
EFFECTIVENESS
. Applicable .. .
Technique Diagrams Empirical Impact and Key Studies
Text All Types 15-25% error reduction, key studies
Preprocessing [17], [25], [44]
Context- Class, Use 15-20% accuracy gain with
Aware Case approximately 95% entity extraction,
Transformers key studies [40], [26], [48]
Hybrid ML + Class, Use 20-30% improvement over single
Rules Case, Sequence  methods, key studies [43], [45], [46]
Prompt All Types Score improvement from 3.2 to 4.1
Engineering (LLM-Based) out of 5, reduction of error types

Graph-Based
Analysis

Sequence, Data
Flow

from 23 to 6-8, key studies [33],
[33]

Superior relationship extraction, key
studies [50]

Table IV consolidates these strands, with its recurring "NR"

entries

underscoring

throughout this review.

the

benchmarking gap noted

D. Synthesis and Implications

Bringing the preceding analysis together, three
implications emerge for both research and practice. First,
progress in UML automation is best understood as
cumulative refinement rather than paradigm replacement, as
each generation of techniques addresses specific
weaknesses of the previous one while inheriting unresolved
problems such as relationship inference and semantic
validation [40], [41], [47]. Second, the maturity of
automation is artefact dependent, with class diagram
generation reaching a level of reliability suitable for tool
assisted use, whereas behavioral and architectural diagrams
remain research challenges because the temporal and
dynamic information they encode is typically under
specified in natural language input [20], [21], [33]. Third,
and most consequentially for adoption, even the strongest
large language models continue to produce substantive
errors, including hallucinated entities, omitted interactions,
and inconsistent relationships, which necessitate human
verification [22], [23], [33]. These implications converge on
a single practical conclusion: automated UML generation is
most dependable when organized as a layered, human in the
loop pipeline. Fig. 4 illustrates such a configuration, in
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which preprocessing, learning based extraction, and rule-
based validation form successive stages whose output is
reviewed and refined by a human modeler, positioning
automation as an assistive rather than autonomous
capability [1], [7].

-

Requirements
Text

v

Learning-Based Extraction
Source Code
) 2

Text Prepocessing

rl

! erated‘ Human Review
UML Diagram: & Refinement

Rule-Based Validation

Fig.4. Conceptual human-in-the-loop pipeline for automated UML
generation, combining preprocessing, learning-based extraction, and
rule-based validation with human review, reflecting an assistive rather
than autonomous role.

V. CONCLUSION

This systematic literature review examined research on
the automatic generation of UML diagrams and synthesized
evidence across rule-based, machine-learning, transformer-
based, and large-language-model-driven approaches. The
findings demonstrate a clear evolution from rigid rule-
oriented pipelines toward hybrid and learning-based
techniques that better accommodate linguistic variability
and evolving requirements. Structural UML artefacts,
particularly class diagrams, consistently exhibit the highest
automation  effectiveness owing to their strong
correspondence with object-oriented abstractions and
source-code structures. In contrast, behavioral and
architectural diagrams remain harder to automate, reflecting
challenges in modelling temporal interactions, concurrency,
and implicit system behavior from textual artefacts.

Overall, the evidence indicates that automatic UML
generation is most effective as an assistive capability that
accelerates modelling and improves consistency while
preserving human control over interpretation and
validation. Persistent challenges, including requirement
ambiguity, domain-specific semantics, and factual
inconsistencies in generative outputs, limit the feasibility of
fully autonomous modelling.

Building on these findings, several research directions
warrant focused attention. First, the pronounced imbalance
in artefact coverage calls for dedicated work on behavioral
and interaction-oriented diagrams, namely sequence,
activity, and state-machine generation, where temporal and
concurrency semantics remain poorly handled [20], [21],
[33]. Second, the field would benefit substantially from
shared, openly available benchmark datasets and
standardized evaluation protocols, without which the rising
accuracy figures reported across studies cannot be
compared on equal terms [1], [9], [42]. Third, hybrid
pipelines that combine requirements-based generation with
code-level extraction offer a promising route to cross-
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validate generated models against implementation artefacts,
mitigating the hallucination and omission errors observed in
purely generative approaches [22], [33], [49]. Fourth, for
large language models specifically, research should move
beyond zero- and few-shot prompting toward retrieval-
augmented generation, fine-tuning on domain corpora, and
multi-agent architectures, which early results suggest can
improve grounding and accuracy [22], [37]. Finally,
systematic study of prompt design and of automated
consistency-checking mechanisms is needed to make
generative outputs verifiable rather than merely plausible
[33], [35].

From an industrial standpoint, the assistive model of
UML automation has immediate practical relevance.
Integrated into CASE and model-driven development tools,
requirements-to-model generation can accelerate early
design and reduce the effort of keeping diagrams
synchronized with rapidly changing agile codebases [5],
[6]. Automated traceability between requirements, models,
and code can support impact analysis and change
management in large, long-lived systems, and is especially
valuable in regulated or safety-critical domains where
demonstrable links between requirements and design are
mandated [31], [32]. Code-driven extraction can assist the
maintenance and documentation of legacy systems whose
implementation has outpaced its design records [49], while
model-based testing workflows can draw on generated
behavioral models to derive and prioritise test cases [20],
[21]. In each setting, the evidence reviewed here indicates
that the greatest near-term value lies not in replacing the
modeller but in augmenting expert judgement with fast,
validated, and traceable automation. Achieving this requires
standardized evaluation and hybrid validation.
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