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ABSTRACT
Maintaining large-scale legacy software systems is complex and time-consuming. Practitioners must integrate diverse artifacts
and data, produced by various specialized tools, in order to gain a better understanding of the system and challenges at hand.
This process is typically manual and error-prone. In this paper, we propose a solution to support maintenance activities by
incrementally merging heterogeneous software models. We build on the existing framework, Unified Data Source (UDS),
based on the Single Source of Truth (SST) paradigm. The framework consists of three layers: Probe, SST, and Visualization.
The lightweight Probe layer extracts partial models from heterogeneous artifacts and forwards them to the SST layer, which
acts as a composition engine that consistently merges the partial models into a unified and coherent representation. The
Visualization layer then enables the creation of customized, task-specific model views derived from this unified model. The
feasibility and practical value of the method are demonstrated through a systematic, tool-supported approach that applies
proven MDE techniques to a concrete system. We showcase this methodology through two real-world use cases: performance
troubleshooting and change impact analysis. Both use cases are successfully executed on Spring PetClinic, a widely-used
demo project, producing task-specific model views without reconstructing the entire system. These results confirm that
task-driven, incremental merging of heterogeneous models is practically achievable, yielding actionable views for practitioners
and supporting them in making smarter decisions.
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1. Introduction

Legacy software systems impose heavy economic and opera-
tional burdens through high maintenance costs. This is illus-
trated by the U.S. government spending 80% of its $90 billion
2019 IT budget—roughly $72 billion—simply to maintain aging
infrastructure (Assunção et al. 2024).

Effective maintenance and informed decision-making require
a clear understanding of the system. One key way to achieve
this is by integrating the diverse perspectives provided by tool
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outputs and artifacts into a unified representation (Martínez-
Fernández et al. 2018). However, these data are heterogeneous,
and according to Boufares & Ben Salem (2012), such integration
leads to inconsistencies, including syntax mismatches, incom-
patible measurement units, divergent data representations, and
semantic conflicts.

Many software maintenance solutions, including reverse en-
gineering methods such as Moose (Nierstrasz et al. 2005) and
ModMoose (Anquetil et al. 2020), are limited to source code.
Therefore, a reliable and trustworthy solution is required to ag-
gregate, structure, and store heterogeneous data consistently. In
addition, comprehensive approaches like Rigi (Kienle & Müller
2010) reconstruct entire systems, generating overwhelming data
volumes that are time-consuming and costly.

Another limitation of existing software maintenance solu-
tions is their narrow scope. Many approaches are designed
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to work only with specific programming languages, tools, or
frameworks. In addition, according to Adriana et al.’s system-
atic review (Cruz et al. 2016), many software visualization tools
and techniques are language-specific, IDE-dependent, focus on
static analysis, and lack support for runtime behaviour—limiting
their use in multi-language projects.

To address these limitations, Bryantsev (2025) proposed and
developed a framework that seamlessly integrates a wide range
of heterogeneous artifacts, operates independently of program-
ming languages and tools, supports diverse maintenance tasks,
and remains flexible by avoiding reliance on a single repre-
sentation technique or tool (while also supporting partial and
incremental analysis). In particular, it integrates heterogeneous
data from various software tools into a unified representation
based on the Single Source of Truth (SST) paradigm. The SST
approach is widely used in data-driven systems to ensure data
consistency by centralizing all relevant information in one au-
thoritative repository (Queiroz et al. 2024). We will refer to
Bryanstev’s framework as the Universal Data Source (UDS),
which supports the implementation of our contribution.

We aim to validate the practical value of the UDS frame-
work for maintaining legacy software systems. To illustrate
the framework’s support for maintenance activities, we present
two real-world use cases: the first, inspired by our industrial
partner’s needs, focuses on triaging performance issues during
troubleshooting; the second addresses change impact analysis,
a crucial maintenance task. Specifically:

– We propose a semi-automated UDS-based approach to
streamline bug triaging in performance troubleshooting,
reducing manual effort.

– We propose a UDS-supported change impact analysis with
stakeholder-specific visualizations in Gephi.

– We apply well-known and proven-in-use Model-Driven En-
gineering techniques to a reverse engineering problem on a
concrete system via a practical, systematic, tool-supported,
state-of-the-art approach.

The remainder of this paper is organized as follows. Section 2
provides the state of the art. Section 3 introduces the UDS
framework. In Section 4, two use cases of the framework’s
application are presented. Section 5 is devoted to the discussion.
Section 6 discusses the threats to validity. Finally, Section 7
concludes the paper and discusses future work.

2. State of the Art
The maintenance of legacy software systems presents significant
challenges due to the heterogeneity of artifacts. While Model-
Driven Reverse Engineering (MDRE) plays a crucial role in
extracting models to support evolution, a recent systematic
literature review highlights that the vast majority of existing
methods rely solely on static source code analysis (Siala et al.
2024). Integration frameworks such as MECASP (Isnard et al.
2005), the Adoption-Centric framework (Huang et al. 2005), and
the model-driven Kernel representation by Saeidi et al. (Saeidi
et al. 2018) have successfully unified documentation, source
code, and configurations. Similarly, graph-based tools like the

RSG platform (Buchgeher et al. 2018), jQAssistant (Müller et
al. 2018), and GETAVIZ (Baum et al. 2017) have extended this
scope to structural and limited behavioural models. However,
these static-centric approaches systematically exclude runtime
data, leaving a gap in understanding how legacy systems actually
behave in production.

To address the challenge of linking diverse artifacts, generic
model composition frameworks were introduced. The ATLAS
Model Weaver (AMW) (Del Fabro et al. 2005) proposed treat-
ing the “links” between models as first-class entities (weaving
models), enabling fine-grained interoperability between hetero-
geneous data sources. Building on this, the Epsilon Merging
Language (EML) (Kolovos et al. 2006) formalized the integra-
tion process into distinct phases (comparison, conformance, and
merging) and introduced rule-based strategies to automate the
otherwise labour-intensive manual weaving. While these frame-
works provide powerful mechanisms for structural composition,
such as merging Platform Independent Models with Platform
Dependent Models, they are typically designed for static model
merging.

Recent efforts have attempted to incorporate dynamic data
to address this limitation, though often within narrow, domain-
specific boundaries. For instance, Anaximander (Mosser et al.
2020) uses lightweight probes to refine microservice architec-
tures, while Concoction (Wang et al. 2024) combines static
graphs with symbolic execution traces for vulnerability detec-
tion. In the realm of automated repair and review, extensions
to ExplorViz (Krause-Glau et al. 2024) and the LLM-based
DEVLoRe framework (Feng et al. 2024) merge static analysis
with runtime traces. Despite their utility, these solutions are spe-
cialized to particular tasks or architectures and do not provide a
generalized mechanism for legacy system maintenance.

Among the approaches surveyed, only one attempts to
adapt generic model composition directly for execution traces
within a generic framework. The work by Béziers la Fosse et
al. (Béziers la Fosse et al. 2018) extends MoDisco (Brunelière
et al. 2014) by injecting dynamic traces to support test impact
analysis (Siala et al. 2024). However, this approach revealed
critical scalability limitations inherent to legacy system analysis.
Specifically, the reliance on the XMI persistence layer caused
memory exhaustion by requiring the entire model to be loaded,
preventing partial analysis. Furthermore, the instrumentation
phase was computationally expensive due to full-source-code
parsing, and the scope of artifacts beyond static code was strictly
limited to execution traces.

Therefore, a gap remains for a language- and tool-
independent method that consistently aggregates static, dynamic,
and evolutionary data while providing incremental, task-specific
analysis and custom visualizations that support different mainte-
nance activities. This paper addresses this gap by showing how
to use the UDS framework in practice.

3. The UDS-Based Model Composition
To address the challenges of heterogeneous data integration, the
SST paradigm is a foundational principle in data management.
It emphasizes the need to consolidate key information in a sin-
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gle, authoritative location to guarantee consistency (Holzmann
2015).

Figure 1 illustrates how Bryantsev (2025) applies the SST
paradigm in the context of software maintenance: it suggests
consistently integrating heterogeneous data, artifacts, and par-
tial models produced by diverse tools to provide a centralized
unified model, accessible to authorized people. This paradigm
serves as the backbone of our solution, specifically driving the
separation of concerns within the system. Consequently, the
UDS architecture is divided into three conceptual layers: Probe,
Visualization, and the SST layer, as shown in Figure 2 and
described in the following sections.

3.1. Probe: Heterogeneous Model Extraction Layer

A probe is a lightweight model extractor that transforms raw
maintenance artifacts into a standard format. In model-driven
terms, each probe performs a model-to-model transformation
from a tool-specific partial model to the intermediate model for
SST, enabling task-focused incremental analysis, supporting
rapid comprehension, and continuous refinement without ever
constructing a complete system model. Probes are fully modu-
lar, deterministic, and independent of programming languages
and tools. They output data in standard formats (CSV/JSON),
impose no execution-order constraints, and can be easily reused
or adapted across diverse systems and maintenance scenarios.

3.2. SST: Model Merging Layer
The SST layer automatically integrates heterogeneous models
into a single, consistent, unified graph model. It achieves this
by incrementally merging the graph fragments (partial models)
produced by probes. The merging algorithms rely on node
equivalence and graph unions1, inspired by classical approaches
such as the Epsilon Merging Language (Kolovos et al. 2006) or
the Adore framework (Mosser & Blay-Fornarino 2013).

3.3. Visualization: Multi-View Layer
The visualization layer enables task-specific model views by
allowing practitioners to generate custom visualizations that
directly consume the composite model generated by the SST
layer. Depending on the maintenance task, some analyses bene-
fit from graph exploration, while others require detailed tables,
statistical summaries, or charts; since no single tool covers all
needs, this design prioritizes customized solutions over generic
ones by supporting flexible combinations of tools and custom
visualizations to effectively address maintenance challenges.

3.4. Implementation
This research’s contributions rely on an existing SST implemen-
tation, so we are focusing here on the probe and visualization
layers, highlighted in blue boxes in Figure 2, which are de-
scribed in detail in the next section. For SST, we used the
previously mentioned implementation by (Bryantsev 2025), and
its Docker image is available at the official acedesign reposi-
tory on Docker Hub2. It comprises an SST server backed by the
Neo4j3 graph database. Neo4j’s native graph storage, schema-
less design, and expressive Cypher query language make it
particularly well-suited for managing the highly interconnected
and evolving data typical of software maintenance tasks.

According to this implementation, the SST layer operates as
a web server handling HTTP requests for probe registration and
data uploads. To ensure consistency, it enforces a Type System
in which probes must first register a schema that defines their
node types, fields, and relationships. Incoming data must follow
the registered strict JSON format containing node and edge lists
(see Listing 1), which the SST maps to a graph model.

Model composition relies on a mathematical Graph Merging
operation. Using the “Type Equivalence” rules defined dur-
ing registration (e.g., matching fully qualified method names),
the system identifies and merges identical nodes from different
tools into a single entity within the Global Type Schema. This
merging process is associative and commutative, ensuring the
final graph model is consistent regardless of the input order. A
strict validation pipeline rejects any model that conflicts with
the schema to prevent corruption. At this stage of the implemen-
tation, direct access to the Neo4j database is available, allowing
any compatible tool to be used for querying and exploring the
graph data.

In the following section, we validate the practicality and
credibility of our approach in real-world applications via two

1 A complete description of the merging mechanism is out of the scope of this
paper; the interested reader can consult Bryantsev (2025) for more information.

2 https://hub.docker.com/r/acedesign/sst
3 https://neo4j.com
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use cases.

4. Use Cases: Validating UDS in Practice
We assess the practicality of the UDS framework with the help
of two detailed real-world use cases, each composing partial
models to answer a specific maintenance question.

The selection of use cases was driven by a strategic necessity
to bridge immediate industrial needs with fundamental main-
tenance challenges. Consequently, the first use case (Triaging
Performance Troubleshooting) stems directly from an industrial
partner’s needs, while the second targets a classical problem:
Change Impact Analysis (CIA). We select CIA because, as
noted in Badri et al. (2015), understanding software and evalu-
ating the effects of changes are widely recognized as the most
critical activities in software maintenance.

We choose the Spring PetClinic application as the demon-
stration project because it serves as both a recognized academic
benchmark and a realistic proxy for long-running systems. Pet-
Clinic exhibits properties that make it suitable for software
maintenance research. First, the application has existed since
2013, offering a long evolutionary history. Second, it has a
diverse codebase due to the involvement of many developers.
Its codebase comprises 23,480 total lines across 114 files in a
single-module monolith. The backend contains 2,083 lines of
Java within 47 classes and 10 packages. Frontend assets make
up the bulk of the project with 9,224 lines of SVG and 8,480
lines of CSS, while configuration files account for 1,097 lines.
It is publicly available as open-source code on GitHub4.

4.1. UC1: Triaging Performance Troubleshooting (TPT)
Triaging is a critical initial step in the software performance
troubleshooting process, where reported bugs or issues are as-
sessed and assigned to appropriate developers or teams (Aktas
& Yilmaz 2020). Traditionally, issues are assigned manually by
project managers by reviewing the issue’s summary and descrip-
tion to select the most suitable developer based on expertise
and responsibilities (a task that is time-consuming and prone to
errors such as incorrect assignments (Oliveira et al. 2021)).

4.1.1. How UDS Supports TPT Process. The primary
goal during triage is to identify the individuals/teams best
equipped to effectively address the reported issue. Based on the
bug life cycle described in Saha et al. (2015) and the bug triage
steps outlined in Akila et al. (2015); Anvik et al. (2006); Begum
& Dittrich (2024), we illustrate the TPT process using the UDS
in Figure 3. The overall workflow follows the structure reported
in these references; however, the manual issue investigation
step has been replaced with an automated step (highlighted in
blue), which involves running the appropriate UDS probes. This
automated step enables the triaging team to select and execute
probes to collect the required performance metrics based on
the specific characteristics of the reported issue. Using these
probes and associated visualizations, the team can make in-
formed decisions to identify the most suitable individuals for
issue resolution.
4 https://github.com/spring-projects/spring-petclinic
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Figure 3 Issue troubleshooting workflow using UDS

According to this workflow, incorrect assignments often lead
to reassignments once the assignee realizes the issue is out-
side their scope, significantly increasing the triage time and
cost (Sarkar et al. 2019). Therefore, accurate initial assignments
and automated triage are essential to improve efficiency and
reduce errors in bug resolution, ultimately enabling effective
software maintenance (Xia et al. 2017). Accordingly, research
has shifted from labour-intensive and error-prone manual prac-
tices toward automated solutions (Sarkar et al. 2019; Zhang et
al. 2017).

To elaborate on the activities within the blue step, we con-
sider a concrete example of a high response time issue arising
from newly added or recently modified code segments. After
analyzing the use case, the developer identifies the required
data. Since the issue concerns high response time, three partial
models of the system are needed: the methods involved, the lo-
cations of these methods in the source code, and the developers
associated with changes of the relevant code.

With this analysis, the procedure performed within the blue
step comprises the following steps.

1. Reproduce the Issue: An unusually high response time
of specific software components reported by performance
monitoring tools or test cases is validated by developers.

2. Identify Slow Methods: To determine which parts of
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the software are responsible for the issue, the developer
needs to identify methods whose execution times exceed a
predefined threshold; such methods are referred to as ‘slow
methods.’ By running the performance probe, the required
performance metrics, which are measured and collected by
a monitoring tool, are extracted and sent to the SST server.

3. Locate Slow Methods: Once the ‘slow methods’ are iden-
tified, it is necessary to pinpoint their exact location within
the structure of the problematic code. Running the code
structure probe examines the source code and sends the
code structure to the SST server, where it integrates the
code structure results with the performance data from the
previous step. This allows the precise location of the rele-
vant methods within the source code to be determined.

4. Find Authorship: The developers that are best suited to
investigate the issue can be identified by analyzing devel-
opers’ contributions. Such contributions are recognized
through version control system analysis, which can be per-
formed by running the code ownership probe. Developers
who have made the most contributions to the slow methods
or who authored the most recent changes are typically the
best candidates to resolve the issue.

5. Assignment: These developers are then designated as the
key personnel responsible for investigating and resolving
the performance issue within the respective methods be-
cause they are the most familiar with the affected code.

4.1.2. TPT Model. The three partial models (i.e., perfor-
mance, code structure, and code authorship) are generated by
probes that collect data from specific sources and transmit the
results to the SST server in a standard format (JSON) to be
integrated. Unifying these models produces the system model
required to resolve the TPT issue.

Performance Probe. This probe is implemented as a Python
script that extracts runtime data during program execution, ac-
quired through a monitoring or profiling tool; we opt to use
VisualVM5. The script takes a CSV file from VisualVM and
transforms it into a structured JSON file containing methods
and key performance metrics as shown in Listing 1.

1 {
2 "probeName": "Performance_VisualVM",
3 "nodes": [
4 {
5 "type": "Method",
6 "fullName": "org.springframework.samples

.petclinic.owner.Owner.addPet(org.
springframework.samples.petclinic.owner.
Pet)"

7 },
8 {
9 "SelfTime": 0.023,

10 "SelfTimeCPU": 0.022,
11 "TotalTime": 0.044,
12 "TotalTimeCPU": 0.045,

5 https://visualvm.github.io

13 "Invocations": 3,
14 "IOOperationTime": 0.001,
15 "OutgoingMethodCallTime":

0.0209999999999999,
16 "type": "Performance",
17 "uid": "fa80a76e-237a-4c51-b4e6-8

ce8359af4c5"
18 }
19 ],
20 "edges": [
21 {
22 "relationName": "PERFORMS",
23 "from": {
24 "nodeType": "Method",
25 "propertyName": "fullName",
26 "propertyValue": "org.springframework.

samples.petclinic.owner.Owner.addPet(org.
springframework.samples.petclinic.owner.
Pet)"

27 },
28 "to": {
29 "nodeType": "Performance",
30 "propertyName": "uid",
31 "propertyValue": "fa80a76e-237a-4c51-

b4e6-8ce8359af4c5"
32 }
33 }
34 ]
35 }

Listing 1 A JSON example showing the structure of actual
graph data

Upon receiving this file, the SST creates corresponding
Method and Performance nodes linked by a PERFORMS re-
lationship, as shown in Figure 4a. This partial model captures
only the performance-related aspect of the system, providing
targeted insight into execution bottlenecks. Figure 4d shows the
legend for all graphs examples of this use case.

Code Structure Probe. To locate slow methods and extract
structural information from the application’s source code, we
use Rascal6, a domain-specific language for static code anal-
ysis. The probe takes the source code directory as input and
extracts the code structure. Executing the probe generates File,
Package, Class, and Method nodes, connected by INCLUDES
(hierarchical) and INVOKES (method call) relationships, as
shown in Figure 4c. SST automatically creates or merges these
nodes with those produced by the performance probe, enabling
a unified model that combines code structure and performance
metrics.

Code Ownership Probe. Finally, to identify contributors to
specific methods, evolutionary data is extracted from the ver-
sion control system (e.g., GitHub). The code ownership probe
provides commit information, such as lines of code contributed
by each developer and the timing of recent changes. Upon re-
ceiving the data, the server creates or merges the corresponding
Method and Author nodes and establishes CONTRIBUTES rela-
tionships, as shown in Figure 4b. The historical data extracted
6 https://www.rascal-mpl.org/
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(a) Example of performance
model

(b) Example of author contribu-
tion model

(c) Example of code structure
model

(d) Legend

Figure 4 Graphs produced as a result of each probe

from Git (including the number of lines contributed and their
timing) is stored as properties of the CONTRIBUTES relationship.

4.2. Analysis and Results
Once these heterogeneous partial models are integrated, the
resulting graph is shown in Figure 5a, while Figure 5b shows
the legend for this graph. The final graph includes 354 nodes
and 543 edges.

This solution enables the generation of tailored visualizations
for specific needs. For visualization of the TPT use case, we
use Tableau7 and the following views.

Figure 6 shows a treemap8 to display the methods whose
total response times exceed 120 ms (a predefined threshold to
define slow methods), highlighting six slow methods (M1–M6)
with total times of 326.7, 325.0, 323.2, 211.1, 187.8, and 154.4
milliseconds. The M1–M6 identifiers correspond to the full
method names listed in Figure 8.

The stacked bar chart in Figure 7 shows the contributors
to each slow method, enabling identification of the develop-
ers responsible for them. Methods are annotated as M1–M6,
corresponding to the slow methods listed in Figure 8.

Finally, Figure 8 provides the answer to the use case question
“Who is the appropriate developer to fix the reported bug?” It

7 https://www.tableau.com/
8 https://www.tableau.com/chart/what-is-treemap

(a) Merged global graph representing the integrated system model

(b) Legend

Figure 5 Final graph model
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Figure 6 Treemap of methods whose response time exceeds
120 ms. Each rectangle represents a method (M1–M6), de-
fined in Figure 8; the value inside shows response time (ms),
and darker colours indicate longer execution time.

presents data on top and the latest developers associated with
each slow method.

For example, it reveals that Simrin051 made the
most contributions to the org.springframework

.samples.petclinic.vet.owner.PetController

.PopulatePetTypes() method, while Dave Syer was the
last developer to modify it.

The method of identifying appropriate developers based on
recent and significant contributions to slow methods is merely
one possible method of choosing a developer based on our expe-
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