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Abstract

Despite growing interest in applying multimodal large language models (LLMs) to Systems Analysis and
Design (SAD), researchers lack standardized and reproducible methods for evaluating UML diagram
interpretation. We present LLM-UML Benchmark v1.0, a reproducible benchmark for evaluating diagram-
to-structured UML interpretation under a common experimental protocol. The benchmark comprises 90
cases created by one subject-matter expert (SME), including 30 use case, 30 class, and 30 sequence
diagrams evenly distributed across low-, medium-, and high-complexity levels. Two additional SMEs
independently evaluated the rendered diagrams using a standardized rubric covering notation
correctness, readability, coherence, complexity fit, and answer-key interpretability. Each case includes
a canonical PlantUML specification, rendered diagram, benchmark metadata, creator-developed
canonical JSON reference, diagram-specific JSON schema, standardized prompt, and evaluation
metadata. We further introduce the UML Understanding Assessment Framework (UUAF), which
evaluates structural, relationship, behavioral, functional, and representation quality to produce case-
level and aggregate model scores. Using a standardized evaluation pipeline, we benchmarked GPT-4.1,
Claude Sonnet 5, and Gemini 3.1 Pro Preview. Gemini achieved the highest descriptive overall score
(0.801), followed by Claude (0.780) and GPT-4.1 (0.764). Although overall performance differences
were not statistically significant, meaningful variation emerged across diagram types and evaluation
dimensions: GPT-4.1 performed best on use case diagrams, Gemini on class diagrams, and Claude on
sequence diagrams. Across all models, explicit UML structures were interpreted more reliably than
benchmark-aligned functional requirements. LLM-UML Benchmark provides a standardized, extensible,
and reproducible foundation for evaluating multimodal LLMs and supports future research, instructional
evaluation, and Al-assisted systems analysis and design.

Keywords: large language models, UML, benchmark, systems analysis and design, multimodal Al,
reproducibility
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1. INTRODUCTION

Unified Modeling Language (UML) diagrams remain central to systems analysis, software design, and
information systems education because they externalize system structure and behavior through
standardized visual notations. Researchers have repeatedly shown that diagram quality, notation choice,
and modeling expertise affect comprehension, defect detection, and communication (Agarwal et al.,
1999; Gemino & Wand, 2004; Lange & Chaudron, 2006; Moody, 2009; Petre, 2013). Instructors
therefore use use case, class, and sequence diagrams to develop students’ ability to connect stakeholder
goals, domain structure, interactions, and functional requirements (Daun et al., 2017; Siau & Loo,
2006).

Multimodal large language models now create a new opportunity and a new evaluation problem. These
models can receive diagram images and produce explanations, structured representations,
requirements, or code. Research on language models for software engineering has expanded rapidly
across code generation, maintenance, testing, and design-oriented tasks (Arpteg et al., 2018; Chen et
al., 2021; Hou et al., 2024; Jimenez et al., 2024; Lu et al., 2021; Tufano et al., 2019). However, existing
software-engineering benchmarks emphasize source code, issue resolution, or textual reasoning. They
do not provide a common dataset, prompt protocol, canonical output representation, and diagram-
specific scoring framework for UML interpretation. Consequently, model comparisons can conflate
genuine capability differences with differences in prompts, schemas, normalization, gold standards, and
scoring rules.

We addressed this gap by developing LLM-UML Benchmark v1.0. We designed the benchmark as a
specification-centered research artifact: the benchmark defines tasks, cases, schemas, prompts, gold
standards, evaluation rules, and reproducibility requirements, while the code implements those
specifications. This design follows established lessons from benchmark-centered evaluation in natural
language understanding and software engineering, where standardized cases and transparent metrics
enable cumulative comparison (Hendrycks et al., 2021; Jimenez et al., 2024; Lu et al., 2021). These
principles are also consistent with evidence-based software engineering practices that emphasize
systematic, reproducible empirical evaluation (Budgen et al., 2011).

We organized the study around six research questions aligned with the UML Understanding Assessment
Framework (UUAF):

RQ1: How accurately do multimodal LLMs identify structural UML elements?

RQ2: How accurately do multimodal LLMs preserve semantic relationships among UML elements?
RQ3: How accurately do multimodal LLMs interpret behavioral semantics in Sequence diagrams?

RQ4: How accurately do multimodal LLMs infer functional requirements that are explicitly represented
or directly supported by UML diagrams?

RQ5: How reliably do multimodal LLMs generate machine-processable structured UML representations
suitable for automated evaluation?

RQ6: How does UML interpretation performance vary across models, diagram types, and benchmark
complexity levels?

Our main contributions are: (1) a reproducible benchmark containing 90 controlled UML cases across
three diagram types and three complexity levels; (2) canonical, diagram-specific schemas and prompts
that impose a common output contract across model providers; (3) a multi-dimensional UML
Understanding Assessment Framework that separates structural, relationship, behavioral, functional,
and representation quality; (4) an empirical validation using 270 paired model-diagram observations
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and paired nonparametric statistical tests; and (5) an open research-software architecture that supports
model extension, automated evaluation, and future benchmark tasks.

2. RELATED WORK

Conceptual-modeling research provides the methodological foundation for evaluating UML
interpretation. Early frameworks distinguished syntactic, semantic, and pragmatic model quality and
emphasized correspondence between a model, its domain, and its audience (Lindland et al., 1994; Wand
& Weber, 2002). Later work developed quality frameworks, diagram metrics, and empirical evaluation
approaches for model-based development (Genero et al., 2005; Gemino & Wand, 2004; Krogstie et al.,
2006; Mohagheghi et al., 2009; Siau & Rossi, 2011). Studies of UML usage found that practitioners
apply the notation selectively, value diagrams for communication, and frequently adapt formal
conventions to project needs (Dobing & Parsons, 2006; Nugroho & Chaudron, 2008; Petre, 2013;
Storrle, 2017). These findings motivated our decision to score explicit elements and relationships
separately rather than treating a diagram as a single undifferentiated artifact.

Researchers have also documented UML-specific comprehension challenges. Defects and inconsistent
conventions can impair comprehension and maintenance decisions (Lange & Chaudron, 2006; Lange et
al., 2006). Visual syntax, mandatory properties, and notation complexity influence how readers interpret
diagrams (Gemino & Wand, 2005; Moody, 2009; Purchase et al., 2001). Learners particularly struggle
to connect static and dynamic views and to translate stakeholder narratives into correct abstractions
(Daun et al., 2017; Siau & Loo, 2006). These results support diagram-specific evaluation: actors and
use cases do not represent the same reasoning demands as classes, multiplicities, messages, and
interaction fragments.

Model-driven engineering research further stresses traceability and consistency across artifacts (Briand
et al., 2003; Cabot & Gogolla, 2012; France & Rumpe, 2007; Hutchinson et al., 2011; Mellor et al.,
2003). Requirements representations also need to expose ambiguity and incomplete assumptions before
implementation (Glinz, 2000). We therefore included functional understanding as a separate dimension:
a model may reproduce visible UML elements while still failing to infer a complete and supported set of
requirements.

Modern Al research has produced standardized benchmarks for language, reasoning, code, and software
maintenance. MMLU demonstrated the value of broad, controlled task collections (Hendrycks et al.,
2021), while CodeXGLUE and related datasets standardized code understanding and generation (Chen
et al., 2021; Lu et al., 2021). SWE-bench moved evaluation toward repository-level issue resolution
(Jimenez et al., 2024), and SpreadsheetBench extended benchmark design to structured business
artifacts (Ma et al., 2024). Software-engineering studies additionally show that code and technical
artifacts possess statistical regularities that machine-learning systems can exploit (Hindle et al., 2012;
Meyer, 2022; Tufano et al., 2019).

The rapid adoption of generative Al in computing education has intensified the need for task-valid
evaluation. Studies have examined prompt design, programming assistance, feedback, and human
oversight (Amershi et al., 2014; Denny et al., 2023; Yadav et al., 2016). Cognitive-load research also
predicts that well-designed visual and textual representations can support learning, whereas poorly
aligned representations increase extraneous processing (Paas et al., 2003; Sweller, 1988). To the best
of our knowledge, existing peer-reviewed benchmarks do not jointly integrate UML diagram images,
canonical structured outputs, diagram-specific normalization, and multidimensional evaluation. LLM-
UML Benchmark addresses this gap by providing a standardized, reproducible evaluation framework
that bridges software engineering benchmark practices and Systems Analysis and Design education.

Broader software engineering research reinforces the need for transparent artifact quality and rigorous
evaluation. Researchers have examined technical debt, readability, lifecycle risk, and model evolution
(Bavota & Russo, 2016; Boehm, 1988; Briand et al., 2003; Buse & Weimer, 2010). Other studies have
compared conceptual modeling methods and process representations (Agarwal & Sinha, 2003; Recker
et al., 2009; Sedrakyan & Snoeck, 2016), while reasoning benchmarks and Al ethics research emphasize
task validity, reproducibility, and diagnostic reporting (Clark et al., 2018; Zhuo et al., 2023). These
findings support our emphasis on traceable gold standards, standardized outputs, and multidimensional
evaluation.
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Recent work now directly examines multimodal models and software-modeling artifacts. Cadmara et al.
(2024) proposed a standardized framework for benchmarking LLMs on software-modeling tasks, while
Doris et al. (2025) introduced DesignQA for multimodal reasoning over engineering requirements and
drawings. UML-focused studies have evaluated semantic-element recognition in use-case diagram
images (Hassine, 2025), diagram-image-to-UML-code generation (Bates et al., 2025), and multimodal
assessment of student class diagrams (Ibafiez et al., 2025). These studies confirm rapid progress but
generally focus on one notation, one transformation, or one assessment context. They do not provide
aligned Use Case, Class, and Sequence views of common scenarios together with provider-neutral
prompts, canonical structured outputs, deterministic normalization, and a multidimensional
interpretation framework. LLM-UML Benchmark addresses this combined gap.

3. LLM-UML BENCHMARK AND METHODS
3.1 Benchmark Scope and Dataset

We designed LLM-UML Benchmark v1.0 as a controlled benchmark for evaluating multimodal large
language models on Task 1: Diagram-to-Structured-UML. In this task, an LLM receives a UML diagram
as input and interprets its graphical elements to generate a standardized JSON representation that
preserves the diagram's semantic meaning. In addition to extracting explicit UML elements, Task 1
requires models to generate concise, high-level functional requirements that can be directly inferred
from the diagram. These requirements serve as a bridge between UML interpretation and downstream
software analysis but are limited to functionality explicitly represented in the UML model. They are not
intended to constitute a complete software requirements specification, which is addressed separately in
Task 2: Diagram-to-Functional Requirements Engineering.

Accordingly, Task 1 evaluates UML interpretation by extracting only the functional semantics explicitly
represented or directly inferable from the diagram, whereas Task 2 evaluates broader software
requirements engineering by generating comprehensive functional and nonfunctional requirements,
business rules, acceptance criteria, traceability links, and cross-diagram requirements. Depending on
the UML diagram type, the extracted information includes actors, use cases, classes, attributes,
operations, relationships, participants, messages, interaction sequences, and diagram-supported
functional requirements. We developed a canonical JSON schema for each supported UML diagram type
to ensure that every model produces a consistent structured representation regardless of provider. This
standardized representation enables direct comparison between model outputs and creator-developed
canonical reference using objective evaluation metrics, including precision, recall, F1 score, and the UML
Understanding Assessment Framework (UUAF).

We designed LLM-UML Benchmark as a versioned and extensible benchmarking framework that supports
continuous expansion in both benchmark tasks and UML diagram types. Version 1.0 focuses on the three
UML diagram types most frequently taught in Systems Analysis and Design curricula and widely used in
software engineering practice: Use Case, Class, and Sequence diagrams. These diagram types capture
complementary structural and behavioral perspectives of software systems while representing
fundamental learning outcomes in undergraduate Information Systems education. Future benchmark
releases will expand the framework to additional UML diagram types, including Activity, State Machine,
Component, Deployment, Communication, Package, Composite Structure, Object, Timing, and
Interaction Overview diagrams.
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Figure 1. LLM-UML Benchmark construction workflow, illustrating the transformation of
expert-designed PlantUML scenarios into a complete, reproducible benchmark package with
synchronized benchmark artifacts and evaluation resources.

Figure 1 uses the following artifact definitions. The PlantUML specification is the canonical plain-text
source from which the diagram image is rendered. Benchmark metadata record the case identifier,
scenario, domain, diagram type, complexity level, and artifact paths. The canonical JSON reference
contains the creator-developed expected structured content used for deterministic evaluation. The
diagram-specific JSON schema is the machine-readable contract that defines permitted fields, data
types, and required fields. The standardized prompt is the provider-neutral instruction sent with the
diagram image. Evaluation metadata record the normalization rules, metric mappings, evaluator
version, and provenance needed to reproduce each score.

Beyond Task 1, the benchmark specification defines five additional tasks that progressively increase
UML interpretation and reasoning complexity: (2) Diagram-to-Functional Requirements Engineering,
which extends Task 1 by generating comprehensive software requirements, including refined functional
and nonfunctional requirements, business rules, acceptance criteria, traceability links, and cross-
diagram requirements; (3) Diagram-to-PlantUML, which reconstructs editable PlantUML source code
from UML diagrams; (4) Diagram-to-Natural Language Explanation, which generates human-readable
explanations of UML diagrams; (5) Diagram Question Answering, which answers reasoning questions
about a single UML diagram; and (6) Cross-Diagram Reasoning, which integrates information across
multiple UML diagrams. Together, these tasks provide an extensible roadmap for evaluating multimodal
LLMs across multiple levels of UML understanding. The present study evaluates only Task 1 using 90
diagrams spanning the three supported UML diagram types; the remaining tasks are planned for future
benchmark releases.

A primary contribution of LLM-UML Benchmark is its SME-developed dataset, which avoids relying on
UML diagrams collected from online repositories or automatically generated from examples of uncertain
quality. One SME created 30 scenarios and their corresponding 90 UML diagrams—30 use case, 30 class,
and 30 sequence diagrams—along with the associated PlantUML specifications, functional requirements,
and canonical JSON references. Scenario development was informed by recurring modeling patterns in
widely adopted Systems Analysis and Design textbooks (Dennis et al., 2020; Satzinger et al., 2015;
Sommerville, 2016) and by broad application themes identified in public GitHub repositories associated
with the “srs-document” and “software-requirement-specification” topics (GitHub, 2026a, 2026b). These
topic collections reflected common software-system contexts, including healthcare, education, banking,
e-commerce, hotel management, transportation, inventory management, and service systems. We
consulted these repositories only to identify recurring domains and scenario themes; we did not copy
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their requirements, diagrams, source code, or other artifacts. Figure 2 presents examples of three UML
diagram types: (a) Use Case, (b) Class, and (c) Sequence.

We selected the scenarios according to four criteria: relevance to Systems Analysis and Design, ability
to support coherent use case, class, and sequence views, coverage of multiple application domains, and
suitability for controlled comparisons across low, medium, and high complexity levels. Accordingly, the
benchmark comprises controlled educational scenarios informed by established textbook patterns and
publicly observable software-requirements themes rather than models extracted from proprietary
industrial systems. As illustrated in Figure 1, we transformed each scenario into a synchronized
benchmark package containing the canonical PlantUML specification, rendered UML diagram, benchmark
metadata, canonical JSON reference, diagram-specific JSON schema, standardized prompt, and
evaluation metadata. This integrated workflow provides end-to-end traceability from scenario design
through benchmark evaluation and supports the reproducibility and reuse of every case.

Two additional SMEs independently evaluated each rendered diagram using a standardized 12-criterion
rubric covering complexity-level match, layout readability, text and label legibility, arrow and line clarity,
logical relationship correctness, UML notation correctness, visual clutter, spacing and alignment, content
coherence, educational suitability, answer-key interpretability, and overall diagram quality. The
reviewers also documented observed issues and recommended whether each diagram should be
retained, revised, or removed. Their review assessed diagram quality and whether an expert could
derive an unambiguous answer key from the rendered diagram; it did not involve independently
reconstructing every canonical UML element or functional requirement. Appendix E presents the
complete SME evaluation analysis.

Throughout this paper, canonical reference denotes the benchmark creator-developed expected
structured content used for deterministic evaluation. To reduce subjectivity in Functional Understanding,
the benchmark creator expressed each reference requirement as a single atomic system behavior and
linked it to explicit UML evidence, such as an actor-use case association, class operation, or message
sequence. Requirements dependent on unstated business rules, nonfunctional assumptions, or domain
knowledge not represented in the diagram were excluded. The two reviewing SMEs assessed the
interpretability of these answer keys through the Gold-Standard Interpretability criterion. This procedure
supports the traceability and interpretability of the canonical references but does not constitute
independent element-by-element consensus validation.

Because each of the 30 scenarios is represented by all three UML diagram types, the benchmark provides
aligned structural and behavioral views of the same software problem. This multi-artifact design
supports the present evaluation of multimodal LLMs using UML images while enabling future tasks
involving PlantUML reconstruction, functional-requirements generation, natural-language explanation,
question answering, and cross-diagram reasoning. The released benchmark includes PlantUML source
files, rendered UML images, canonical JSON references, diagram-specific schemas, prompts, metadata,
and evaluation tools. These resources provide a common infrastructure for standardized evaluation,
reproducibility, and longitudinal comparison of future multimodal LLMs. The benchmark specification,
evaluation framework, canonical prompts and schemas, and reference implementation are publicly
available in the accompanying GitHub repository. Appendix A summarizes the complete workflow used
to reproduce the benchmark results.

To broaden domain coverage, we designed scenarios spanning healthcare, education, e-commerce,
service portals, finance, organizational systems, inventory management, library systems,
transportation, and customer relationship management. We balanced the benchmark across three
complexity levels by developing 10 low-complexity, 10 medium-complexity, and 10 high-complexity
diagrams for each UML diagram type. We operationalized complexity using both the number of UML
modeling elements and the richness of their structural and behavioral interactions. Low-complexity
diagrams contain relatively few modeling elements connected through straightforward relationships.
Medium-complexity diagrams introduce additional entities, associations, attributes, alternative
interaction paths, or behavioral constructs. High-complexity diagrams combine larger structural models
with richer relationships, nested interactions, and more sophisticated behavioral patterns requiring
deeper semantic interpretation. This design enables systematic evaluation across increasing levels of
modeling complexity while maintaining balanced case counts across UML diagram types. Appendix D
presents the diagram-specific operational criteria used to assign complexity levels.
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Figure 2. Representative benchmark-format examples for the three evaluated UML diagram
types: (a) Use Case, (b) Class, and (c) Sequence. The examples use a common
appointment-scheduling domain to illustrate the notation-specific information supplied to
each model.

3.2 Prompts, Schemas, Models, and Execution

For each UML diagram type, we created a provider-neutral prompt with fixed instructions, explicit field
definitions, diagram-specific extraction rules, and the constraint to return JSON only. We use “tightly
structured prompt” to refer to this fixed instruction template. The corresponding canonical schema is a
JSON Schema that specifies the allowed object structure, field names, data types, required fields, and
controlled relationship categories. The same prompt-schema pair was used across all providers. Use
Case outputs captured actors, use cases, associations, include and extend relationships, generalizations,
and functional requirements. Class outputs captured classes, attributes, operations, typed relationships,
multiplicities, and functional requirements. Sequence outputs captured participants, ordered messages,
message types, combined fragments, and functional requirements. Figures 3 and 4 illustrate the
prompt-schema workflow and an annotated Sequence-diagram schema excerpt, respectively.

We selected three commercial multimodal models (OpenAl gpt-4.1, Anthropic claude-sonnet-5, and
Google gemini-3.1-pro-preview) because, at the July 14, 2026 execution date, each offered image input,
API access, and structured-output capability suitable for the same diagram-to-JSON protocol. Selecting
one model from each of three major providers also reduced dependence on a single vendor architecture.
We used the exact API identifiers recorded in the run manifests and ran each model on all 90 diagrams,
yielding 270 paired model-diagram observations. The benchmark is not limited to these providers: any
commercial or open-weight vision-language model that accepts an image and can return the schema
fields can be evaluated through an adapter. Future evaluations will include vision-capable Qwen, Llama,
and DeepSeek-family checkpoints, subject to model availability and reproducible deployment settings.
The repository preserved run identifiers, timestamps, provider metadata, decoding parameters, raw
outputs, parsed outputs, execution manifests, and evaluation artifacts for every experiment. Table 1
summarizes the configuration.
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Before comparison, we normalized strings, collections, identifiers, relationship direction, multiplicities,
and diagram-specific fields. “Canonical-reference UML elements” denotes the expected actors, use

cases, classes,

attributes,

operations,

participants,

messages,

relationships,

and functional

requirements authored by the benchmark creator and recorded in the canonical JSON reference for each
diagram. The evaluator matched predicted elements against these expected elements and computed
true positives (TP), false positives (FP), and false negatives (FN). We calculated precision, recall, and
F1 using Equations (1)-(3).

Component

Configuration

Benchmark task

Diagram-to-Structured-UML (Task 1)

Benchmark cases

90 UML diagrams (30 Use Case, 30 Class, 30 Sequence)

Model evaluations

270 paired model-diagram observations

Models OpenAl gpt-4.1; Anthropic claude-sonnet-5; Google gemini-3.1-pro-
preview
Temperature gpt-4.1: 0.2; claude-sonnet-5: provider default; gemini-3.1-pro-preview:
0.2
Top-p gpt-4.1: 1.0; claude-sonnet-5: provider default; gemini-3.1-pro-preview:
1.0
Top-k Provider default

Number of runs

One execution per diagram

Prompt strategy

One diagram-specific prompt per UML diagram type; identical across

providers

Output format

JSON constrained by diagram-specific canonical schemas

Recorded artifacts

Raw response, parsed JSON, prompt and schema snapshots, hashes,
timing, token counts, execution status, provider metadata, and manifests

Analysis

Python; deterministic normalization; paired nonparametric tests; a = .05

Table 1. Experimental configuration and reproducibility settings used for the LLM-UML Benchmark v1.0
evaluation.
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Precision = —— (1)
recision = TP+ FP
TP
Recall = TP-I-—FIV (2)

_ 2 x (Precision x Recall)
1™ Precision + Recall

(3)
3.3 Evaluation Framework and Statistical Analysis

We aggregated diagram-level metrics into the UML Understanding Assessment Framework (UUAF).
Every dimension ranges from 0 to 1, with higher values indicating closer agreement with the canonical
gold standard. Structural Understanding is the mean F1 score for the primary elements of a diagram:
actors and use cases; classes, attributes, and operations; or participants and messages. Relationship
Understanding is the mean F1 score for applicable semantic links, including associations,
include/extend/generalization links, typed class relationships, multiplicities, and message links.
Behavioral Understanding applies only to Sequence diagrams and is the mean F1 score for message
order and combined fragments. Functional Understanding is the F1 score for diagram-supported
functional requirements after deterministic normalization. Representation Quality is the arithmetic mean
of JSON validity, schema validity, and required-field completeness. Figure 5 illustrates the framework,
and Appendix B supplies the diagram-specific formulas and aggregation rules.

[ UML Diagram Prediction
Canonical UML Comparison
(Gold Standard vs. Output)

|
l 1 1 1

Structural
Understanding

(Mean F1)

Representation
Quality
(JSON + Schema +
Completeness)

[ I | | I
1

[ UML Understanding Score (UUAF) :'

Functional
Understanding

(F1)

Behavioral
Understanding

(Mean F1)

Relationship
Understanding

(Mean F1)

Figure 5. UML Understanding Assessment Framework (UUAF). Diagram-level metrics are
aggregated into five evaluation dimensions to compute the Composite UUAF Score.

We calculated Representation Quality as the arithmetic mean of JSON validity (J), schema validity (S),
and required-field completeness (C), where J and S are binary indicators and C represents the proportion
of required schema fields present in the generated output.
J+S+C
RQ=—7F5— (4)
We calculated each case's UML Understanding Score as the arithmetic mean of the applicable UUAF
dimensions.

Applicable UUAF Dimensions
UMLScore = 2APP X (5)

where k denotes the number of applicable UUAF dimensions for the corresponding UML diagram type.
Because Behavioral Understanding applies only to Sequence diagrams, we excluded that dimension from
the denominator for Use Case and Class diagrams rather than assigning an artificial score of zero.
Consequently, the composite score summarizes only the dimensions applicable to each UML diagram
type.

We used paired nonparametric tests because all three models evaluated the same cases. Scores are
bounded because each metric is restricted to the interval [0, 1], rather than extending without limit.
Tied observations occur when two or more models receive exactly the same score on a case, which was
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common for near-perfect structural and representation scores. These features weaken the normality
and continuous-measure assumptions of parametric repeated-measures tests. We therefore used the
Friedman test (Friedman, 1937) for comparisons among the three models, Wilcoxon signed-rank tests
(Wilcoxon, 1945) for pairwise comparisons, the Holm correction (Holm, 1979) to control the family-wise
error rate, and Kendall's W (Kendall & Smith, 1939) as the omnibus effect size. We used a = .05 and
report descriptive and inferential statistics.

The diagram is the scoring unit, whereas the scenario is the clustering and complexity-assignment unit.
The benchmark contains 30 scenarios—10 low-, 10 medium-, and 10 high-complexity scenarios—and
each scenario is represented by one use case, one class, and one sequence diagram. Each diagram-
specific analysis therefore includes 30 diagrams, with one diagram from each scenario and one matched
set of scores from the three models. Thus, no scenario contributes repeated views within a diagram-
specific test. In contrast, the pooled 90-diagram analysis includes three related notation-specific views
of each scenario. Because these views share the same underlying scenario and complexity classification,
they may exhibit within-scenario correlation and should not be treated as fully independent
observations. We therefore treat the pooled omnibus result as a secondary summary, emphasize the
diagram-specific paired analyses, and make no inferential claim of overall model superiority. The
nonsignificant pooled result provides no statistical basis for an overall model ranking. Future work will
evaluate robustness using scenario-level aggregation or cluster-resampling methods.

4. RESULTS

We evaluated three multimodal large language models across all 90 benchmark cases and analyzed
their performance using the UML Understanding Assessment Framework (UUAF). Table 2 presents the
model-level UUAF scores, and Table 3 summarizes the principal paired omnibus tests for the overall
score, individual UUAF dimensions, and diagram-specific comparisons. Figures 6-9 present the principal
benchmark results. Appendix C provides supplementary analyses of case-level score distributions,
latency, token usage, benchmark wins, complexity patterns, and representation-quality diagnostics.

Model Structural Relationship | Behavioral* Functional Representation Overall
Gemini 3.1 997 964 857 232 985 801
Pro Preview

Claude 996 921 989 157 1.000 780

Sonnet 5
GPT-4.1 .849 .876 .970 272 1.000 .764

Table 2. Model-level UUAF scores. *Behavioral understanding applies to Sequence diagrams only.
Overall UML Understanding Score

Gemini 3.1 Pro Preview 0.801
]
3 Claude Sonnet 5 0.780
=
GPT-4.1 0.764
0.0 0.2 0.4 0.6 0.8 1.0

UUAF UML understanding score
Figure 6. Descriptive overall Composite UUAF Scores across the complete 90-case benchmark.
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4.1 RQ1: Structural Understanding

Gemini 3.1 Pro Preview achieved the highest Structural Understanding score (0.997), followed closely
by Claude Sonnet 5 (0.996), whereas GPT-4.1 achieved 0.849. Figure 7 presents the complete UUAF
dimension profile. The Friedman test indicated statistically significant differences among the models,
X2(2) = 45.371, p < .001, Kendall’'s W = .252. Holm-adjusted pairwise comparisons showed that both
Gemini and Claude significantly outperformed GPT-4.1, whereas the difference between Gemini and
Claude was not statistically significant.

4.2 RQ2: Relationship Understanding

Gemini achieved the highest Relationship Understanding score (0.964), followed by Claude Sonnet 5
(0.921) and GPT-4.1 (0.876). The Friedman test identified statistically significant differences among the
models, x2(2) = 54.931, p < .001, Kendall's W = .305. All Holm-adjusted pairwise comparisons
remained statistically significant, indicating consistent differences in relationship interpretation across
the three models.

4.3 RQ3: Behavioral Understanding

Behavioral Understanding was evaluated only for the 30 Sequence diagrams because behavioral
semantics are defined exclusively for UML Sequence diagrams. Claude Sonnet 5 achieved the highest
score (0.989), followed by GPT-4.1 (0.970) and Gemini 3.1 Pro Preview (0.857). A Friedman test
conducted on the 30 paired Sequence cases identified statistically significant differences among the
models, x2(2)=10.400, p=.006, Kendall's W=.173. Holm-adjusted pairwise comparisons showed that
Claude Sonnet 5 significantly outperformed Gemini 3.1 Pro Preview, whereas the difference between
Claude Sonnet 5 and GPT-4.1 was not statistically significant. GPT-4.1 also significantly outperformed
Gemini 3.1 Pro Preview. Overall, all three models demonstrated strong behavioral understanding,
although Claude Sonnet 5 achieved the strongest performance in preserving message ordering and
interaction semantics.

4.4 RQ4: Functional Understanding

Functional Understanding was the weakest UUAF dimension across all three models. Although GPT-4.1
significantly outperformed the other models, Functional Understanding remained the weakest UUAF
dimension across all three models. The Friedman test identified statistically significant differences, x2(2)
= 7.849, p = .020, Kendall’s W = .044. Holm-adjusted comparisons showed that GPT-4.1 significantly
outperformed both Claude and Gemini, whereas the difference between Claude and Gemini was not
statistically significant. These findings indicate that the models extracted explicit UML content more
reliably than they generated functional requirements that aligned with the creator-developed canonical
reference under deterministic matching. Appendix C presents this pattern separately by diagram type.

4.5 RQ5: Machine-Processable Structured Representations

All three models generated valid JSON for all 90 benchmark cases. Claude Sonnet 5 and GPT-4.1
produced schema-compliant outputs for every case. Gemini generated schema-compliant outputs for
86 cases and produced four schema-validation errors. Consequently, Claude and GPT-4.1 each achieved
a Representation Quality score of 1.000, whereas Gemini achieved 0.985. These findings indicate that
all three models generally produced machine-processable outputs suitable for automated evaluation,
with only minor schema-conformance errors observed for Gemini. Because Representation Quality
exhibited near-ceiling performance and minimal variability, the results are interpreted descriptively.

4.6 RQ6: Variation Across Models, UML Diagram Types, and Benchmark Complexity

Gemini achieved the highest overall UML Understanding Score (M = 0.801), followed by Claude Sonnet
5 (M = 0.780) and GPT-4.1 (M = 0.764), as shown in Figure 6. However, the overall differences were
not statistically significant, x2(2) = 4.738, p = .094, Kendall's W = .026. Holm-adjusted pairwise
comparisons were also nonsignificant. Accordingly, the overall model ordering should be interpreted
descriptively rather than as evidence of statistically reliable superiority.
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Performance varied substantially across UML diagram types. As shown in Figure 8, GPT-4.1 achieved
the highest mean score for Use Case diagrams, Gemini achieved the highest mean score for Class
diagrams, and Claude achieved the highest mean score for Sequence diagrams. Friedman tests identified
statistically significant model differences for Use Case diagrams, x2(2) = 40.653, p < .001, Kendall's W
= .678; Class diagrams, x2(2) = 32.000, p < .001, Kendall’'s W = .533; and Sequence diagrams, x2(2)
= 18.121, p < .001, Kendall's W = .302. These results demonstrate that aggregate scores conceal
meaningful model specialization across UML diagram types.

UUAF Dimension Scores by Model

B Claude Sonnet 5
W Gemini 3.1 Pro Preview
mm GPT-4.1

1.0

0.84

o
o
L

Mean score

o
'S

0.2

0.0-
en‘aﬂon
ge?‘es

X N e
xxe\a“°“5“° oo conct®”

o K a\

Figure 7. Mean UUAF dimension scores by model;
Behavioral Understanding applies only to Sequence diagrams.

Performance generally declined as benchmark complexity increased, although the pattern was not
uniform across models. Figure 9 shows that Claude decreased from 0.812 on low-complexity cases to
0.770 on medium-complexity cases and 0.758 on high-complexity cases. Gemini decreased from 0.848
to 0.784 and 0.773, respectively, whereas GPT-4.1 decreased from 0.821 to 0.739 and 0.732. GPT-4.1
therefore exhibited the largest descriptive reduction between low- and high-complexity cases. Between-
model differences within individual complexity levels were not statistically significant; therefore, the
complexity findings should be interpreted descriptively and in conjunction with diagram type.
Model Performance by UML Diagram Type

1.0 A mm Claude Sonnet 5
W Gemini 3.1 Pro Preview

mm GPT-4.1

0.8 1

0.6 1

0.4 1

Mean UML understanding score

0.2 1

0.0-

UseCase Class Sequence
Diagram type

Figure 8. Mean Composite UUAF Score by UML diagram type and model.
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Performance Across Complexity Levels

1.04 ~8— Claude Sonnet 5
Gemini 3.1 Pro Preview
—8— GPT-4.1

0.8

0.6 1

0.4 4

Mean UML understanding score

0.2

0.0

Low Medium High
Complexity

Figure 9. Mean Composite UUAF Score across low, medium, and high benchmark complexity.

Comparison Statistic P Effect/Decision
Overall score Friedman x2(2)=4.738 .094 W=.026; not significant
Structural Friedman x2(2)=45.371 <.001 W=.252; significant
Relationship Friedman x2(2)=54.931 <.001 W=.305; significant
Behavioral Friedman x2(2)=10.400 .006 W=.173; significant
Functional Friedman x2(2)=7.849 .020 W=.044, significant
Use Case overall Friedman x2(2)=40.653 <.001 W=.678; significant
Class overall Friedman x2(2)=32.000 <.001 W=.533; significant
Sequence overall Friedman x2(2)=18.121 <.001 W=.302; significant

Table 3. Principal paired omnibus statistical tests.
5. DISCUSSION

The results show that LLM-UML Benchmark distinguishes model capabilities that an overall leaderboard
cannot capture. Although Gemini achieved the highest descriptive composite score, the nonsignificant
omnibus comparison prevents us from claiming overall superiority. Instead, the benchmark revealed
meaningful differences across UML Understanding dimensions and diagram types. Current multimodal
models demonstrate distinct strengths in interpreting Use Case, Class, and Sequence diagrams,
supporting conceptual-modeling research that treats UML notations as cognitively and semantically
distinct rather than interchangeable (Gemino & Wand, 2005; Moody, 2009; Purchase et al., 2001).

Gemini and Claude achieved near-perfect Structural Understanding, indicating that three multimodal
models can reliably identify explicit UML elements. However, lower Relationship and Behavioral
Understanding scores show that correctly identifying diagram elements does not necessarily imply
complete semantic interpretation. Correctly interpreting multiplicities, relationship types, message
ordering, and combined fragments requires notation-aware reasoning beyond visual recognition,
consistent with prior studies on UML comprehension (Lange & Chaudron, 2006; Lange et al., 2006).

Functional Understanding emerged as the most challenging evaluation dimension. All three models
scored substantially lower on Functional Understanding than on Structural Understanding, indicating
that inferring intended system functionality remains more difficult than extracting explicit diagram
content. Two representative scoring cases illustrate the problem. First, if a Sequence diagram explicitly
shows appointment creation and confirmation but a model returns only “the system manages
appointments,” the generic statement omits two traceable behaviors and lowers recall. Second, if a
Class diagram contains Customer and Order structures but the model adds “the system sends delivery
notifications” without a supporting operation or interaction, the unsupported requirement is counted as
a false positive and lowers precision. An Al assistant may therefore identify actors, classes, or messages
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correctly while still producing incomplete, overly general, or unsupported requirements. We recommend
multidimensional reporting rather than reliance on one overall score.

Our findings also demonstrate the value of standardized benchmark design. Canonical prompts,
diagram-specific schemas, deterministic normalization, and creator-developed canonical reference
enabled reproducible comparisons across models, while preserved outputs and execution artifacts
supported transparency and auditability. The four Gemini schema-validation errors further demonstrate
that Representation Quality should remain an explicit evaluation dimension because schema violations
increase downstream integration effort, even when much of the semantic content is correct.

Beyond the empirical evaluation, LLM-UML Benchmark provides a reusable research and educational
resource. The benchmark contributes 30 Systems Analysis and Design scenarios created by one SME
and reviewed and evaluated by two additional SMEs, instantiated as 90 UML diagrams across multiple
domains and complexity levels. By releasing aligned PlantUML source files, UML images, canonical
schemas, gold standards, prompts, metadata, and evaluation tools, we provide a common foundation
for reproducible research, standardized model comparison, and Al-supported Systems Analysis and
Design education.

6. LIMITATIONS

We acknowledge several limitations. First, the benchmark includes only use case, class, and sequence
diagrams, so the findings may not generalize to other UML notations. Second, the scenarios are
controlled educational cases rather than industrial models, which supports experimental consistency but
limits ecological validity. Third, each model was executed only once per diagram; therefore, we did not
estimate within-model variability. Fourth, we evaluated three commercial models and excluded open-
weight and locally deployed models. Fifth, the pooled 90-diagram analysis includes three views of each
scenario and may retain within-scenario dependence. Diagram-specific tests avoid repeated views, so
we base our substantive conclusions primarily on those analyses. Sixth, SME ratings indicate that visual
quality declined as assigned complexity increased and that all revision recommendations concerned
high-complexity diagrams. Consequently, observed complexity effects may reflect both semantic
complexity and differences in visual presentation quality. Finally, the study evaluates only Task 1
(Diagram-to-Structured-UML).

The canonical references were authored by the benchmark creator and were not independently
reconstructed element by element by the two reviewing SMEs. Although the reviewers evaluated
diagram correctness, coherence, and answer-key interpretability, this process does not establish expert-
consensus validation of every canonical UML element or functional requirement. Functional
Understanding was also measured by comparing model-generated requirements with these creator-
developed canonical references using deterministic normalization and matching. Consequently,
semantically valid alternative requirements may receive limited credit, and Functional Understanding
should be interpreted as alignment with the canonical references under the specified evaluation
procedure rather than as a complete measure of requirements-understanding ability. Future benchmark
releases will incorporate independent reference reconstruction, discrepancy adjudication, element-level
expert-agreement reporting, reviewed alternative phrasings, requirement-equivalence classes, and a
documented semantic-matching sensitivity analysis.

Because Behavioral Understanding applies only to sequence diagrams, Composite UUAF Scores should
be interpreted alongside their component dimensions rather than as fully uniform measures across all
diagram types. In addition, latency and token usage depend on provider infrastructure, model
implementation, and provider-specific tokenization; therefore, they should not be interpreted as direct
measures of computational efficiency or monetary cost.

7. FUTURE WORK

We will extend LLM-UML Benchmark in four directions. First, we will validate the remaining tasks,
including Diagram-to-Functional Requirements, Diagram-to-PlantUML, Diagram-to-Natural Language
Explanation, Diagram Question Answering, and Cross-Diagram Reasoning. Second, we will add further
UML notations, industrial and student-created diagrams, open-weight multimodal models, repeated
executions, human baselines, and scenario-level sensitivity analyses. Third, we will refine Functional
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Understanding through reviewed alternative gold-standard requirements, explicit traceability links,
expert agreement reporting, and comparisons of deterministic and semantic matching. Finally, we will
establish a versioned leaderboard and examine AI-supported UML interpretation in controlled classroom
studies.

8. CONCLUSION

We introduced LLM-UML Benchmark v1.0, a specification-centered and reproducible benchmark for
evaluating multimodal large language models on UML diagram understanding. The benchmark includes
30 scenarios created by one SME and reviewed and evaluated by two additional SMEs, instantiated as
90 balanced UML diagrams, together with aligned PlantUML source files, UML images, canonical
schemas, gold standards, prompts, metadata, and evaluation tools. Our empirical evaluation showed
that Gemini achieved the highest descriptive overall Composite UUAF Score, although the overall model
differences were not statistically significant. More importantly, the benchmark revealed distinct
strengths across UML diagram types and evaluation dimensions, while all three models found Functional
Understanding substantially more challenging than explicit structural interpretation. LLM-UML
Benchmark provides a foundation for standardized model comparison, reproducible research, and Al-
supported Systems Analysis and Design education, while supporting future benchmark tasks and
additional UML diagram types.
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APPENDIX A
Reproducibility Workflow

The complete benchmark artifact is publicly available at “https://anonymous.4open.science/r/LLM-UML-
Benchmark-F577/README.md”. The repository includes the benchmark specification, canonical prompts
and schemas, benchmark metadata, gold standards, provider adapters, evaluation framework,
statistical analysis pipeline, documentation, and environment requirements. Benchmark cases and
experiment outputs are organized according to the repository specification to support transparent and
reproducible evaluation.
A complete reproduction consists of six steps:
Install the pinned Python environment and project dependencies.
Configure provider API keys using environment variables without committing secrets.
Validate the benchmark metadata and gold standards.
Execute Task 1 for each supported provider using the canonical prompts and schemas.
Evaluate the generated outputs using the deterministic evaluator and the UML Understanding
Assessment Framework (UUAF).

6. Run the benchmark analysis pipeline to reproduce the statistical analyses, benchmark

leaderboard, and publication-quality figures reported in this paper.

The repository records benchmark version information, model identifiers, provider names, execution
timestamps, and evaluation metadata so that future benchmark runs can distinguish benchmark
revisions from changes in underlying model implementations. All benchmark documentation, evaluation
protocols, and statistical procedures are included in the public repository to support independent
verification and future benchmark extensions.

nAWNE
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APPENDIX B

Operational Definitions and Aggregation of the UML Understanding Assessment Framework
(UUAF)

This appendix describes the operational definitions and aggregation procedures used to compute the
five dimensions of the UML Understanding Assessment Framework (UUAF). We calculated every metric
deterministically from normalized benchmark outputs without using semantic embeddings, fuzzy
matching, synonym dictionaries, or another large language model as an evaluator. This design ensures
that every reported score is transparent, reproducible, and directly traceable to the benchmark outputs.

B.1 Structural Understanding

Structural Understanding measures the extent to which a model correctly identifies the primary
modeling elements explicitly represented in a UML diagram. Because each UML diagram type contains
different structural concepts, we calculated Structural Understanding separately for each diagram type.
For Use Case diagrams, Structural Understanding equals the mean F1 score for actors and use cases.
_ FlActors + FlUseCases
SUyc = >

For Class diagrams, Structural Understanding equals the mean F1 score for classes, attributes, and
operations.

FlClasses + FlAttributes + FlOperations
SUclass = 3

For Sequence diagrams, Structural Understanding equals the mean F1 score for participants and
messages.
FlParticipants + FlMessages

SUSeq = 2

B.2 Relationship Understanding

Relationship Understanding measures how accurately a model preserves semantic relationships among
UML elements.

For Use Case diagrams, we calculated Relationship Understanding as the mean F1 score for actor-use
case associations, include relationships, extend relationships, and generalizations.

_ Flyssociation + Flmciuge + Flextena + Flgeneratization

For Class diagrams, we calculated Relationship Understanding as the mean F1 score for exact
relationships, relationship types, and multiplicities.
1ExactRelati0nship + FlRelationshipType + FlMultiplicity
RUcass =

3

For Sequence diagrams, we calculated Relationship Understanding as the mean F1 score for message
identification and message types.

_ FlMessageLinks + FlMessageType
RUgeq = >

B.3 Behavioral Understanding

Behavioral Understanding applies only to Sequence diagrams because Use Case and Class diagrams do
not directly represent execution behavior. We calculated Behavioral Understanding as the mean F1 score
for message ordering and combined fragments.

BU = FlMessayeOrder + FlCombinedFragments

2

For Use Case and Class diagrams, Behavioral Understanding was reported as not applicable rather than
assigned a value of zero.

©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 21
https://iscap.us/proceedings/



2026 Proceedings of the ISCAP Conference ISSN: 2473-4901
Asheville, NC v12 n6835

B.4 Functional Understanding

Functional Understanding measures how accurately a model identifies the intended system functionality
represented by a UML diagram. We calculated Functional Understanding as the F1 score obtained by
comparing normalized model-generated functional requirements with the creator-developed canonical
reference.

FU = FlRequi‘rements

B.5 Representation Quality

Representation Quality measures whether the generated output is valid, complete, and suitable for
automated evaluation. We calculated Representation Quality as the arithmetic mean of JSON validity
(J), schema validity (S), and required-field completeness (C).
J+S+C
RQ = - —

where:
e | =1 if the generated output is valid JSON; otherwise | = 0;
e S =1if the generated output conforms to the canonical schema; otherwise S =0 ;
e (Cis the proportion of required schema fields present in the generated output, where 0 < C < 1.

B.6 Composite UUAF Score

We calculated the Composite UUAF Score as the arithmetic mean of the applicable UUAF dimensions.
For Sequence diagrams, the score includes all five dimensions.
SU + RU + BU + FU + RQ
UMLScoregeq =

5

For Use Case and Class diagrams, Behavioral Understanding is not applicable; therefore, we excluded it
from the denominator.
SU+RU +FU +RQ

4

UMLScoreyc/ciass =

We report the five UUAF dimensions as the primary evaluation outcomes throughout the paper. We use
the Composite UUAF Score only as a summary measure to facilitate overall comparison across models
and UML diagram types. We assign equal weight to each applicable dimension, and we do not substitute
missing dimensions with zero values. This aggregation strategy reflects the semantic characteristics of
each UML diagram type while preserving comparability across benchmark cases.
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APPENDIX C
Additional Experimental Results

This appendix presents supplementary analyses that support the findings in Section 4. We include case-
level distributions, inference latency, token usage, functional performance by diagram type, case-level
wins, accuracy-latency trade-offs, diagram-complexity heatmaps, and required-field completeness.

C.1 Case-Level Score Distributions

We observed substantial overlap among the three model distributions despite different mean scores.
The distributions show why the nonsignificant overall Friedman result is compatible with meaningful
diagram-specific differences. Figure C1 illustrates the distribution of Composite UUAF Scores across the
90 benchmark cases for each evaluated model. The distributions demonstrate that performance
variability differed across providers, reflecting the heterogeneous difficulty of the benchmark cases.
Although the average benchmark scores were relatively close, the distributions reveal differences in
consistency that are not apparent from the mean values alone.

Distribution of Case-Level Scores
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Figure C1. Distribution of case-level Composite UUAF Scores by model.
C.2 Average Inference Latency

We report latency as a practical reproducibility measure rather than a model-quality outcome. Provider
infrastructure and network conditions contributed to the observed execution times. Figure C2 compares
the average inference latency for the three evaluated models. This analysis complements the accuracy
results by illustrating the computational cost associated with each provider. Together with the
benchmark scores, these results highlight the practical trade-off between execution time and UML
interpretation performance.
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Figure C2. Average inference latency per UML diagram.
C.3 Average Token Usage

We report provider-recorded token usage to support cost and efficiency analysis. Token counts are not
perfectly comparable because providers use different tokenization systems. Figure C3 summarizes the
average input and output token usage across the benchmark. Reporting token consumption improves
reproducibility and enables future researchers to compare both benchmark performance and
computational cost when evaluating additional models.
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Figure C3. Average input and output token usage per UML diagram.
C.4 Functional Understanding by Diagram Type

Functional performance remained lower than structural and relationship performance across diagram
types, reinforcing the conclusion that deterministic requirement alignment remains the benchmark's
most difficult dimension. Figure C4 presents Functional Understanding separately for Use Case, Class,
and Sequence diagrams. The results demonstrate that functional-requirement inference remained
consistently more challenging than structural extraction across all diagram types, supporting the
findings presented in Section 4.
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Functional Requirements Performance by Diagram Type
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Figure C4. Mean Functional Understanding by UML diagram type and model.
C.5 Case-Level Benchmark Wins

Case-level wins show that no model dominated every scenario. This pattern further supports the use of
diagram-specific and dimension-specific reporting. Figure C5 reports the number of benchmark cases
for which each model achieved the highest Composite UUAF Score. This analysis complements the
average benchmark results by illustrating how frequently each model performed best on individual
benchmark cases.
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Figure C5. Number of benchmark cases won by each model.
C.6 Accuracy-Latency Trade-off

The scatter plot shows substantial within-model variation and illustrates that higher latency did not
guarantee a higher case-level score. Figure C6 relates case-level Composite UUAF Scores to case-level
inference latency. The figure illustrates the trade-off between benchmark performance and
computational efficiency, enabling researchers to evaluate model quality alongside practical deployment
considerations.
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Figure C6.

C.7 Diagram-Complexity Heatmaps

Elapsed time (seconds)

Relationship between case-level Composite UUAF Score and inference latency.

Figures C7a-C7c visualize benchmark performance across UML diagram types and complexity levels
for Claude Sonnet 5, Gemini 3.1 Pro Preview, and GPT-4.1, respectively. The heatmaps provide a
detailed view of model specialization and demonstrate that benchmark performance varies across both

diagram notation and complexity.
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Figure C7a. Claude Sonnet 5 performance by diagram type and complexity.
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Diagram-Complexity Performance: Gemini 3.1 Pro Preview
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Figure C7b. Gemini 3.1 Pro Preview performance by diagram type and complexity.
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Figure C7c. GPT-4.1 performance by diagram type and complexity.

C.8 Representation Quality Diagnostics

We observed complete required-field presence for Claude Sonnet 5 and GPT-4.1 and near-complete
performance for Gemini. These results complement the schema-validity findings reported under RQ5.
Figure C8 reports required-field completeness across the evaluated models. Together with the schema-
validation results reported in Section 4, these findings confirm that all three models consistently
generated machine-processable benchmark outputs suitable for automated evaluation, with only minor
schema-conformance issues observed for Gemini 3.1 Pro Preview.
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Figure C8. Mean required-field completeness by model.
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APPENDIX D
Diagram-Complexity Classification Rubrics

To ensure reproducible benchmark construction, we assigned complexity using diagram-specific
operational criteria rather than subjective judgment. Although all three UML diagram types represent

the same software scenario, each diagram type contains different structural and behavioral
characteristics.

The criteria presented below served as benchmark construction guidelines rather than absolute
thresholds. Subject-matter experts considered both the number of modeling elements and the richness
of their structural or behavioral relationships when assigning the final complexity level. Tables D1-D3
summarize the operational criteria for use case, class, and sequence diagrams, respectively.

Complexity | Actors Use Relationships Modeling Characteristics
Cases
Low 1-2 2-4 Primarily simple Simple actor-use case interactions with
associations little or no include, extend, or
generalization relationships
Medium 2-4 5-8 Multiple association Includes include, extend, or limited
types generalization relationships
High >4 >9 Numerous Multiple include, extend, and
interconnected generalization relationships spanning
relationships several actors

Table D1. Complexity classification rubric for Use Case diagrams

Complexity | Classes Attributes / Relationships Modeling Characteristics
Operations
Low 2-4 Limited Simple associations Minimal structural complexity

without inheritance or
multiplicities

Medium 5-8 Moderate Multiple relationship Includes inheritance,
types aggregation, composition, or
multiplicities
High >9 Extensive Dense Multiple inheritance hierarchies,
interconnected multiplicities, and rich class
relationships interactions
Table D2. Complexity classification rubric for Class diagrams
Complexity | Participants | Messages Combined Behavioral Characteristics
Fragments
Low 2-3 3-6 None Linear interaction sequence
Medium 3-5 7-12 One fragment Alternative or iterative execution
paths
High >5 >13 Multiple or nested Complex interactions involving
fragments multiple behavioral constructs

Table D3. Complexity classification rubric for Sequence diagrams
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APPENDIX E

SUBJECT-MATTER-EXPERT DIAGRAM EVALUATION ANALYSIS

E.1 Scope, Units, and Analytic Procedure

One subject-matter expert (SME) created the 30 benchmark scenarios and their 90 rendered UML
diagrams; two additional SMEs completed the evaluation worksheets analyzed here. Each reviewing
SME rated all 90 diagrams—30 Use Case, 30 Class, and 30 Sequence diagrams—on the same 12 five-
point rubric criteria. The diagram is the evaluation unit. The spreadsheet’s Average Quality Score is the
arithmetic mean of the 12 criterion ratings for that diagram.

The analysis includes data-completeness and formula checks; reviewer-specific descriptive statistics;
internal consistency across the 12 rubric items (Cronbach’s a); Pearson and Spearman association; two-
way absolute-agreement and consistency intraclass correlations [ICC(A,1) and ICC(C,1)]; exact and
within-one-point agreement; quadratic-weighted Cohen’s k for ordinal criteria; Cohen’s k for
retain/revise/remove decisions; Bland-Altman bias and limits of agreement; diagram-type and
assigned-complexity summaries; and a scenario-aggregated sensitivity analysis. Because these records
comprise a census of the benchmark rather than a probability sample, significance tests are reported as
diagnostics of score separation, not as population-generalization claims. With only two reviewing SMEs,
reliability estimates should also be interpreted cautiously. Table E1 summarizes evaluation coverage,
data integrity, and overall reviewer scores.

The Gold-Standard Interpretability criterion captures how confidently a reviewer could derive an
unambiguous answer key from a rendered diagram. It does not, by itself, establish that the reviewers
independently revalidated every canonical UML element or every functional requirement. In addition,
domain metadata were not compared statistically because the sheets used different label granularities
(for example, a specific system context in one sheet and a broader application domain in the other).
Diagram ID, type, assigned complexity, and scenario suffix were fully aligned and were used for paired
analyses.

Measure Reviewer 1 Reviewer 2
Diagrams rated 90 90
Completed criterion ratings 1,080/1,080 1,080/1,080
Missing criterion ratings 0 0
Average-formula discrepancies 0 0
Retain recommendations 69 73
Revise recommendations 21 17
Remove recommendations 0 0
Overall mean (SD) 4.35 (0.48) 4.50 (0.47)
Median (IQR) 4.42 (0.75) 4.58 (0.81)
Observed range 3.25-5.00 3.50-5.00
Cronbach’s a (12 criteria) .82 .90

Table E1. Evaluation coverage, integrity checks, and overall score summary

E.2 Overall and Criterion-Level Quality

Reviewer 1’s mean diagram-average score was 4.35 (SD = 0.48), and Reviewer 2’s was 4.50 (SD =
0.47). Reviewer 2 scored diagrams 0.15 points higher on average; the paired Wilcoxon diagnostic was
significant (W = 851, p < .001). This small shift should be interpreted as a difference in rating stringency,
not evidence that one reviewer was more accurate. Internal consistency was good for Reviewer 1 (a =
.82) and high for Reviewer 2 (a = .90), indicating that the 12 criteria generally moved together within
each worksheet.

Across both reviewers, the highest pooled criterion means were Logical Relationship Correctness (4.84),
Content Coherence (4.77), Educational Suitability (4.69), Complexity-Level Match (4.67), UML Notation
Correctness (4.63), and Gold-Standard Interpretability (4.58). The lowest pooled means were Visual
Clutter/Manageability (3.97), Spacing and Alignment (4.05), Arrow/Line Clarity (4.12), Layout
Readability (4.22), and Overall Diagram Quality (4.22). The pattern indicates that the principal
improvement opportunities are visual-density and routing concerns rather than the conceptual
coherence or instructional suitability of the diagrams. Figure E1 compares criterion means and
confidence intervals, and Table E2 reports criterion-level descriptive statistics.
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Figure E1. Criterion-level mean scores for the two reviewing SMEs. Error bars show 95% confidence
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intervals across the 90 diagrams and are descriptive of benchmark variation.

Criterion Reviewer 1 Reviewer 2 Pooled A R2-R1
mean (SD) mean (SD) mean
Complexity match 4.47 (0.66) 4.87 (0.50) 4.67 +0.40
Layout readability 4.10 (0.99) 4.33 (0.78) 4.22 +0.23
Text/label legibility 4.48 (0.66) 4.30 (0.89) 4.39 -0.18
Arrow/line clarity 3.97 (1.03) 4.27 (1.08) 4.12 +0.30
Relationship correctness 4.69 (0.57) 5.00 (0.00) 4.84 +0.31
UML notation correctness 4.68 (0.60) 4.58 (0.50) 4.63 -0.10
Clutter/manageability 4.03 (1.11) 3.90 (1.02) 3.97 -0.13
Spacing/alignment 3.97 (1.03) 4.13 (0.78) 4.05 +0.17
Content coherence 4.54 (0.66) 5.00 (0.00) 4.77 +0.46
Educational suitability 4.71 (0.55) 4.67 (0.47) 4.69 -0.04
Gold-standard interpretability 4.49 (0.67) 4.67 (0.47) 4.58 +0.18
Overall quality 4.13 (1.03) 4.30 (0.68) 4.22 +0.17
Table E2. Criterion-level descriptive statistics
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E.3 Diagram Type and Assigned Complexity

Diagram type did not produce a detectable score difference for either reviewer (Reviewer 1: H = 0.06,
p = 0.969; Reviewer 2: H = 4.34, p = 0.114). Assigned complexity produced a pronounced separation
(Reviewer 1: H = 70.16, p < .001, €2 = 0.78; Reviewer 2: H = 76.46, p < .001, €2 = 0.86). Mean scores
decreased from Low (4.82 and 4.94) to Medium (4.46 and 4.64) to High (3.78 and 3.93), which indicates
that the rubric detected the intended rise in visual and relational difficulty. Table E3 reports the
corresponding means, and Figures E2 and E3 show the cross-tabulated means and score distributions.

Subgroup n per SME | Reviewer 1 mean Reviewer 2 mean Paired
(SD) (SD) mean
All diagrams 90 4.35 (0.48) 4.50 (0.47) 4.43
Use Case 30 4.36 (0.49) 4.39 (0.54) 4.38
Class 30 4.36 (0.45) 4.62 (0.44) 4.49
Sequence 30 4.34 (0.51) 4.49 (0.40) 4.41
Low 30 4.82 (0.11) 4.94 (0.07) 4.88
Medium 30 4.46 (0.25) 4.64 (0.19) 4.55
High 30 3.78 (0.23) 3.92 (0.25) 3.85

Table E3. Diagram-average quality by diagram type and assigned complexity

Average quality by diagram type and assigned complexity
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Figure E2. Mean diagram quality by UML diagram type and assigned complexity. Each heatmap cell
contains 10 diagrams per reviewer.

Distribution of diagram-average quality scores

By assigned complexity By diagram type

b
n

>
=]

Average quality score

w
w

Il Reviewer 1

3.0 I Reviewer 2

Use Case Class

Low Medium High

Sequence
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E.4 Diagram-Level Inter-Reviewer Agreement

Diagram-average scores were strongly associated (Pearson r = 0.84; Spearman p = 0.83; both p <
.001). Absolute agreement was ICC(A,1) = 0.81, with a bootstrap 95% interval of 0.74-0.86;
consistency was ICC(C,1) = 0.84 (0.79-0.89). Exact equality of the 12-item averages occurred for
12/90 diagrams, 66.7% were within 0.25 points, and 92.2% were within 0.50 points. Figure E4 plots
the paired reviewer scores.

Diagram-level reviewer agreement
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Figure E4. Reviewer 1 versus Reviewer 2 diagram-average scores. The dashed identity line represents
exact equality.

The Bland-Altman mean difference was +0.15 points (Reviewer 2 minus Reviewer 1), with 95% limits
of agreement from -0.37 to +0.67. Thus, Reviewer 2 was modestly more generous on average, but
most pairwise differences were small relative to the five-point scale. The plot does not show a clear
increase in disagreement as average quality rises; ceiling compression is visible near 5.0. Figure E5
presents the corresponding Bland-Altman analysis.

©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 33
https://iscap.us/proceedings/



2026 Proceedings of the ISCAP Conference ISSN: 2473-4901
Asheville, NC v12 n6835

Bland-Altman analysis of diagram-average scores
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Figure E5. Bland-Altman assessment of reviewer bias and dispersion for diagram-average scores.
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E.5 Criterion-Level Agreement and Bounded-Scale Effects

Exact agreement on individual criteria ranged from 44.4% to 74.4%, while agreement within one scale
point ranged from 81.1% to 98.9%. Weighted k and ICC were strongest for Layout Readability, Visual
Clutter/Manageability, Overall Diagram Quality, Spacing and Alignment, Arrow/Line Clarity, and
Text/Label Legibility. Chance-corrected coefficients were low or undefined in practical terms for several
ceiling-dominated criteria. In particular, Reviewer 2 assigned a score of 5 to every diagram for Logical
Relationship Correctness and Content Coherence; the absence of variance forces k and ICC toward zero
even though 94.4% and 93.3% of ratings, respectively, were within one point. This is the bounded-
scale/prevalence effect: high observed agreement can coexist with a low chance-corrected coefficient
when ratings are concentrated in one category and contain many ties. Table E4 reports the criterion-
level agreement coefficients, and Figure E6 contrasts chance-corrected with observed agreement.

Criterion Exact Within 1 | Weighte | ICC(A,1 | Holm p
% % dk )

Complexity match 51.1 86.7 -0.06 -0.06 < .001
Layout readability 56.7 93.3 0.61 0.61 = .086
Text/label legibility 56.7 92.2 0.47 0.47 = .571
Arrow/line clarity 46.7 81.1 0.47 0.48 = .013
Relationship correctness 74.4 94.4 0.00 0.00 < .001
UML notation correctness 57.8 98.9 0.25 0.25 = .586
Clutter/manageability 50.0 90.0 0.60 0.60 = .586
Spacing/alignment 44.4 93.3 0.52 0.52 = .586
Content coherence 62.2 93.3 0.00 0.00 < .001
Educational suitability 65.6 96.7 0.14 0.14 = .586
Gold-standard interpretability 58.9 94.4 0.18 0.18 = .359
Overall quality 53.3 92.2 0.54 0.55 = .586

Table E4. Criterion-level inter-reviewer agreement

Note. Holm-adjusted p values refer to paired Wilcoxon diagnostics of reviewer score distributions, not tests of whether a diagram is
acceptable. Negative or zero chance-corrected coefficients should be read together with observed agreement because bounded scores,
ceiling effects, and tied observations can make k and ICC unstable.

Criterion-level inter-reviewer agreement
Chance-corrected agreement Observed agreement

Complexity match
Layout readability
Text/label legibility
Arrow/line clarity
Relationship correctness
UML notation correctness
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Content coherence

Educational suitability
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. ' |
Overall quality el L o
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Figure E6. Criterion-level chance-corrected and observed inter-reviewer agreement.
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E.6 Complexity-Classification Validation

Each reviewer’s perceived complexity matched the assigned label for 84/90 diagrams (93.3%; weighted
k = 0.95). More importantly, the two reviewers’ perceived labels agreed on all 90 diagrams (weighted
kK = 1.0). The same six diagrams—SQ-L03, SQ-L04, SQ-L06, SQ-L07, SQ-L09, and SQ-L10—were
assigned Low but perceived as Medium by both SMEs. This unanimous mismatch is actionable evidence
that these six Sequence diagrams should either be reclassified as Medium or accompanied by a clearer
operational explanation for retaining the Low designation.

Complexity classification alignment (counts)

Reviewer 1 Reviewer 2 Between reviewers

Low
Low
Low

Assigned
Medium
Medium
Medium

High
High
High

Low Medium High Low Medium High Low Medium High
Perceived Perceived Reviewer 2

Figure E7. Assigned-versus-perceived complexity and between-reviewer complexity alignment.

E.7 Retain/Revise Decisions and Issue Patterns

Reviewer 1 recommended retaining 69 diagrams and revising 21; Reviewer 2 recommended retaining
73 and revising 17. Neither reviewer recommended removal. The action recommendations matched for
76/90 diagrams (84.4%; Cohen’s k = 0.53). The joint decisions were 64 both retain, 12 both revise,
and 14 mixed retain/revise. Every revision recommendation occurred among the 30 High-complexity
diagrams: the reviewers jointly retained 4, jointly revised 12, and disagreed on 14. All 60 Low- and
Medium-complexity diagrams were retained by both SMEs. Figure E8 presents the recommendation
proportions and action matrix.

Retain/revise/remove decisions
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Figure E8. Recommendation proportions by complexity and the reviewer action confusion matrix.

Primary-issue fields were used differently. Reviewer 1 recorded no primary issue for 69 diagrams and
mainly used Layout/Spacing/Alignment (18) or Visual Clutter/Density (3) when a change was warranted.

©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 36
https://iscap.us/proceedings/



2026 Proceedings of the ISCAP Conference ISSN: 2473-4901
Asheville, NC v12 n6835

Reviewer 2 recorded minor issues even for many retained diagrams and distributed them across Visual
Clutter/Density (18), Text/Label Legibility (17), Arrow/Line Clarity (16), Complexity Classification (6),
and Layout/Spacing/Alignment (1). These frequencies therefore describe each reviewer’s documentation
practice and should not be interpreted as direct category-by-category agreement. They nevertheless
converge on a common design concern: dense high-complexity diagrams need improved spacing,
routing, and legibility. Figure E9 summarizes the normalized issue categories.

Primary issue categories recorded by reviewers

No primary issue
Complexity classification
Arrow/line clarity
Layout/spacing/alignment

Text/label legibility

Visual clutter/density

UML notation

Other mmm Reviewer 1
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o
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Number of diagrams

Figure E9. Normalized primary-issue categories recorded in the two worksheets.
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E.8 Scenario-Aggregated Sensitivity Analysis

Each scenario key contributes three notation-specific views (Use Case, Class, and Sequence). Averaging
those three diagram scores for each of the 30 scenario keys produced still stronger reviewer agreement:
Pearson r = 0.94, Spearman p = 0.89, and ICC(A,1) = 0.89. This sensitivity analysis shows that reviewer
conclusions remain aligned after scenario-level aggregation and reduces the influence of any single
notation-specific score.

Scenario-aggregated quality profile
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Figure E10. Reviewer quality profiles after averaging the three UML views within each scenario key.
Scenario keys are ordered within each complexity stratum by paired mean quality.

E.9 Diagram-Level Revision Priorities

The 15 lowest paired mean scores all belonged to High-complexity diagrams. Their weakest cells cluster
in Layout Readability, Arrow/Line Clarity, Visual Clutter/Manageability, Spacing and Alignment, and
Overall Diagram Quality. By contrast, Logical Relationship Correctness, Content Coherence, Educational
Suitability, and Gold-Standard Interpretability generally remained high. This pattern supports targeted
visual refactoring rather than wholesale replacement of scenario content. Figure E11 visualizes these
criterion patterns; Table E5 lists diagrams jointly recommended for revision, and Table E6 reports the
largest reviewer-score differences.

Criterion profiles for the 15 lowest-rated diagrams
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Figure E11. Paired criterion means for the 15 lowest-rated diagrams.
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Diagram ID Type Paired Lowest paired criterion Score
mean
UC-HO05 Use Case 3.54 Layout readability 2.0
SQ-HO09 Sequence 3.58 Clutter/manageability 2.0
UC-HO02 Use Case 3.58 Arrow/line clarity 2.0
UC-H04 Use Case 3.62 Arrow/line clarity 2.0
UC-H10 Use Case 3.62 Overall quality 2.0
CL-HO3 Class 3.71 Spacing/alignment 2.0
SQ-H04 Sequence 3.75 Arrow/line clarity 3.0
CL-HO6 Class 3.75 Layout readability 2.5
CL-HO09 Class 3.75 Arrow/line clarity 2.0
CL-H10 Class 3.83 Layout readability 2.5
SQ-H10 Sequence 3.83 Spacing/alignment 2.5
SQ-HO08 Sequence 3.88 Text/label legibility 3.0

Table E5. Diagrams jointly recommended for revision

Diagram ID Type Complexity | R1 R2 | R2-R1 | |A] | Action Pair (R1/R2)
CL-HO1 Class High 3.67 | 4.42 | +0.75 | 0.75 Revise / Retain
CL-M01 Class Medium 4.08 | 4.83 | +0.75 | 0.75 Retain / Retain
CL-HO08 Class High 3.67 | 4.33 | +0.67 | 0.67 Revise / Retain
SQ-HO09 Sequence High 3.25 1 3.92 | +0.67 | 0.67 Revise / Revise
SQ-M09 Sequence Medium 3.92 | 4.58 | +0.67 | 0.67 Retain / Retain
SQ-H02 Sequence High 3.50 | 4.08 | +0.58 | 0.58 Revise / Retain
UC-M09 Use Case Medium 4.00 | 4.58 | +0.58 | 0.58 Retain / Retain
CL-M02 Class Medium 4.3314.83| +0.50 | 0.50 Retain / Retain
CL-MO05 Class Medium 4.17 | 4.67 | +0.50 | 0.50 Retain / Retain
UC-H09 Use Case High 4.00 | 3.50 | -0.50 | 0.50 Retain / Revise
UC-M04 Use Case Medium 4.67 | 4.17 | —-0.50 | 0.50 Retain / Retain

Table E6. Largest absolute reviewer differences in diagram-average scores, including ties at the tenth-
ranked cutoff

Note. R1 = Reviewer 1; R2 = Reviewer 2; A = R2 — R1. Action Pair reports Reviewer 1’s recommendation followed
by Reviewer 2’s recommendation. All diagrams tied at the top-ten cutoff (|A| = 0.50) are included; therefore, the
table contains 11 diagrams.

E.10 Limitations

The analysis is based on two reviewing SMEs, so reliability estimates do not characterize the full
population of potential expert reviewers. Scores are ordinal, bounded, and frequently tied; parametric
summaries are included for interpretability but are accompanied by rank-based and agreement
diagnostics. Reviewer granularity also differed: Reviewer 1 used 82 distinct 12-item score profiles,
whereas Reviewer 2 used 27, with a largest repeated profile of 14 diagrams. This difference increases
ties and contributes to the prevalence sensitivity of k and ICC. Finally, the rubric validates perceived
diagram quality, notation, coherence, educational suitability, and answer-key interpretability; it should
not be described as a full independent re-derivation of every canonical element or functional
requirement.
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