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ABSTRACT

Relevance: Information systems continuously evolve through commits and iterative modifications, which gradually reduce
architectural transparency and blur responsibility boundaries between components. In long-lived systems, static architectural
documentation often becomes outdated, while repository change history preserves objective evidence about how artifacts evolve
together and how evolutionary dependencies emerge over time. Aim of the article: The paper aims to develop a method for the
automatic structuring of the functional and technical domains of an information system, based on a project change history and
evolutionary coupling signals extracted from repository data. Tasks. The research tasks include formalizing the change history
model, defining evolutionary cohesion indicators, constructing an integrated evolutionary cohesion graph, developing a graph-based
domain grouping procedure, differentiating recovered domains into functional and technical responsibility areas, and defining the
output representation and validation strategy. Methods: The proposed research combines repository mining, evolutionary coupling
analysis, graph-based clustering, semantic similarity analysis, temporal cohesion analysis, and dependency-aware modeling. The
approach integrates co-change frequency, temporal proximity, semantic similarity, and structural dependency signals into a unified
evolutionary cohesion measure represented as a weighted graph. Scientific novelty: The scientific novelty of the research reflected in
the paper lies in recovering domain structures not from static architecture or documentation, but from observable evolutionary
behavior recorded in repository history. The proposed method introduces an integrated evolutionary cohesion measure and an
explainable differentiation mechanism that separate recovered domains into functional and technical responsibility areas based on
ownership dispersion, reuse index, and cross-domain connectivity indicators. Practical significance: The proposed method improves
architectural transparency and supports maintenance planning, refactoring, change impact analysis, technical debt management, and
responsibility reasoning in evolving information systems. The resulting domain map and interaction graph can assist developers in
identifying highly coupled areas and understanding evolutionary dependencies between subsystems. Results. The paper presents a
complete pipeline for transforming repository evolution data into an interpretable domain structure model. The method constructs an
evolutionary cohesion graph, identifies candidate domains through graph-based grouping, and classifies them into functional and
technical areas using explainable indicators. An illustrative example demonstrates how stable co-evolution patterns form
interpretable domain areas even without explicit architectural documentation. Conclusions. The proposed method enables recovering
interpretable functional and technical domain structures from a project change history by combining co-change, semantic,
dependency-aware, and temporal signals. The resulting domain decomposition supports architectural understanding and
maintenance-oriented reasoning while reducing dependence on incomplete or outdated architectural documentation. Full empirical
validation and further enhancement of classification and weighting strategies remain directions for future research.
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INTRODUCTION

Information systems during the development
cycle are continuously modified through commits.
As a side effect, this may gradually reduce

planning, refactoring, technical debt management,
and risk control. In this work, domains are treated as
groups of artifacts with a shared role and strong
internal evolutionary cohesion, identifying an

architectural transparency and blur component
responsibility boundaries. Version control and
change history, therefore, provide an empirical trace
of this process, indicating which artifacts are
modified together and when evolutionary
dependencies emerge.

Recovering domain structure from change
history is practically useful for maintenance, change
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evolution-aware decomposition rather than a purely
static modular view.

Functional and technical decomposition often
remains undocumented or becomes outdated as
systems evolve through continuous commits.

Along with the progress, as architectural
boundaries erode, responsibility separation becomes
blurred, making it harder to assess change impact,
establish  ownership, and control cross-cutting
technical dependencies.
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In practice, this increases maintenance effort,
raises the risk of unintended side effects, and
accelerates technical debt accumulation. Typical
approaches that rely only on static structure or only
on co-change signals often produce clusters that are
difficult to interpret and do not clearly separate
functional responsibilities  from technical
infrastructure. The key research gap is therefore a
method that derives domains from evolutionary
signals and explains the resulting domains as
functional or technical areas. Unlike many existing
approaches that focus primarily on structural
decomposition or isolated co-change relations, the
proposed  method integrates  heterogeneous
evolutionary signals and provides explainable,
responsibility-oriented domain interpretation.

A domain [1] refers to a group of code artifacts
with a shared role, exhibiting stronger internal
evolutionary cohesion compared to its external
relationships. Two domain classes are considered:
functional domains (business logic and application-
level functionality) and technical domains
(infrastructure, shared services, and supporting
modules). This binary separation reflects a widely
adopted architectural distinction between
components that implement business capabilities and
those that provide cross-cutting infrastructural
support. It represents a minimal yet actionable
classification that improves interpretability for
maintenance and change impact reasoning.

The aim of the research work presented in this
paper is to design a method that extracts
evolutionary cohesion features from change history
(co-change  patterns, frequencies, semantics,
dependencies, and temporal signals), after which
system components should be grouped into domains.
The relationships between components should be
represented as an evolutionary cohesion graph,
where dense subgraphs correspond to candidate
domains. Unlike simple clustering, the grouping
relies on an integrated evolutionary connectivity
measure rather than a single signal, reflecting the
shared evolution of components. After domain
structuring, the resulting clusters should be
interpreted as functional or technical areas using
criteria such as ownership, shared infrastructure
roles, and connectivity structure, supported by
explainable features. This domain structure supports
system evolution and architectural maintenance by
clarifying component responsibilities, improving
change impact analysis, and facilitating coordinated
development.

RELATED WORKS

Architecture recovery is strongly motivated by
the long-term phenomenon of architectural
degradation [2], in which rapid evolution and
frequent modifications gradually erode the intended
decomposition and render structural reasoning
unreliable. Classical recovery work frames the
problem as clustering a system-wide dependency
graph and asks what relations are sufficient to obtain
a stable view, highlighting that a small set of
relations [3] can sometimes approximate a more
complete dependency portfolio. At the clustering
level, empirical evaluation of modularity-based
community detection [4] shows that greedy multi-
level modularity clustering can achieve competitive
accuracy while scaling to large systems. More recent
recovery methods expand the evidence base:
ensemble approaches combine structural, semantic,
and directory dependencies [5] to reduce
information loss that occurs when heterogeneous
signals are merged prematurely. Multi-model
recovery further demonstrates the benefit of
explicitly integrating multiple dependency models
and aggregating clustering results to improve
MoJoFM similarity [6] and expose architectural
anomalies. In parallel, modularization studies that
combine clustering with lexical representations
evaluate alternative pipelines through cohesion and
coupling metrics [6], while specialized clustering
strategies aim to improve modularization quality
(e.g., weighted modularity quality [7]) and address
practical issues such as overly large clusters.

A complementary line of work focuses on
evolution and maintenance, where change impact
analysis [8] is treated as a central maintenance
activity that reduces cost and risk by estimating how
a modification propagates across artifacts. Within
this area, evolutionary coupling research shows that
co-changes are not uniform events: fine-grained
analysis identifies distinct co-change relationship
types [9] that can reflect structural coupling,
semantic coupling, or implicit dependencies, and
these relations can shift across phases of system
evolution. Several methods, therefore, aim to
strengthen co-change signals beyond raw frequency.
One direction integrates evolutionary coupling with
additional change relationships [10] (e.g., structural
and clone relations) to improve ranking-based
impact prediction when historical co-changes are
sparse. Another direction uses deep representations,
showing that semantic code embeddings such as
GraphCodeBERT [11] help capture non-obvious
dependencies and maintain performance even at
larger recommendation windows. Evolutionary
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coupling is applied beyond change recommendation
as well: co-evolution between tests and code can
approximate relevance links for debugging when
dynamic data is unavailable, using test—code
evolutionary coupling [12] as a static signal for fault
localization. Together, these works motivate using
change history not only for prediction, but for
constructing more interpretable structures that
support maintenance reasoning.

Graph-based grouping methods connect these
strands by treating recovery as community detection
over dependency graphs and exploring which
dependency configurations yield interpretable
clusters. Recent evidence suggests that code co-
changes can be treated as logical dependencies [13]
that complement structural relations, but that raw co-
change edges require filtering to reduce noise from

unrelated commits; experiments show that
combining structural and logical dependencies
improves clustering outcomes under MQ and

MoJoFM, while logical-only graphs can achieve
strong modularity yet provide incomplete coverage
[13]. Network-based approaches similarly model
monolithic systems as dependency graphs and apply
community detection (e.g., Louvain [14]) as decision
support, emphasizing that multiple clustering
perspectives still require expert validation. Because
clustering quality depends on project characteristics
and architectural issues, large-scale studies highlight
the importance of selecting an appropriate technique
and dependency type; CLUE addresses this by using
ML-based customization and linking outcomes to
architectural smells [15]. Graph clustering is further
used as an enabling step for modernization:
automated extraction of microservices combines
community detection with optimization to balance
cohesion and coupling [1] and to align service
granularity with domain entities. Across these
works, the recurring gap is that clustering outputs
are often treated as structural decompositions, while
the semantic meaning of recovered clusters remains
underspecified.

Finally, prior research provides conceptual
grounding for distinguishing functional and
technical structure through pattern- and concern-
oriented views. Layered architecture reconstruction
studies show that generic criteria such as cohesion
and coupling can lack precision for identifying
architectural layers, and therefore, inventory
layering principles [16] and explicit rules (e.g.,
abstraction  and  responsibility) to  guide
reconstruction and technical debt detection. Cross-
cutting concern analysis complements this view by
showing that secondary concerns, such as logging or

database access, become scattered and tangled [17],
contributing to modularity loss; metadata-based
techniques track such concerns through third-party
components and quantify dedication using
Dedication to Concern (DtC) [17]. Related
clustering-based layer detection work proposes
unsupervised recovery of MVC layers using hybrid
structural and lexical features [18], reporting that
results depend on naming consistency and still
require manual interpretation. Collectively, these
studies support the need for recovery methods that
move beyond packaging-level clusters toward
responsibility-oriented interpretations, where
technical, cross-cutting support structures can be
separated from business-facing functional areas in
an explainable way.

PROBLEM STATEMENT

Recent advances in architecture recovery
demonstrate strong progress through clustering-
based modularization, multi-dependency integration,
and evolutionary coupling analysis. However,
important gaps remain when the objective is to
recover interpretable domain structures that
distinguish functional responsibility areas from
technical support concerns.

Current modularization approaches often focus
on producing cohesive clusters, but they do not
explicitly provide an interpretation of the resulting
groups as functional or technical domains. Co-
change relations provide useful evolutionary signals,
yet they remain noisy and require filtering and
integration with additional evidence to reduce
coincidental  associations. Moreover, recovery
outcomes strongly depend on the selected relation
sets and clustering strategies, which limit their
applicability across different projects.

The separation of functional and technical
concerns remains particularly  under-explored.
Generic cohesion or coupling criteria often fail to
reflect engineering intent, especially in layered
systems and in the presence of cross-cutting
infrastructural mechanisms. As a result, recovered
clusters frequently require substantial expert
interpretation rather than providing explainable
responsibility boundaries.

This paper aims to develop a method for
automatically reconstructing the domain structure of
an information system from change history and
differentiating the identified domains into functional
and technical responsibility areas. To achieve this
aim, the paper defines the input model of change
history, formulates evolutionary cohesion indicators,
constructs an integrated cohesion graph, specifies a
graph-based domain grouping procedure, introduces
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an explainable functional-technical classification
mechanism, and outlines the validation strategy. The
result is presented as an interpretable domain map
and an interaction graph that support architectural
understanding and maintenance-oriented reasoning.
The specific research tasks required to achieve
this aim are formalized in the following subsection.

PROPOSED METHOD FOR STRUCTURING
FUNCTIONAL AND TECHNICAL DOMAINS
OF AN INFORMATION SYSTEM

This section describes the complete pipeline of
the proposed method, from extracting evolutionary
signals in change history to constructing an
interpretable domain structure model.

TASK FORMULATION AND METHOD
OVERVIEW

The main task is to automate the structuring of
the functional and technical domains of an
information system based on its change history
during the development cycle. The novelty of the
approach lies in deriving domains not from static
architecture  or  documentation, but  from
evolutionary change patterns observed in the
repository.

The method takes repository evolution data
(commits, modified files, metadata) as input and
produces a domain structure model that maps
components to functional and technical domains.

To achieve this aim, the following research
tasks are formulated:

1) to formalize the input data model of change
history, including commits, artifacts, authors,
timestamps, and commit messages, and to define the
granularity of analyzed system artifacts;

2) to justify the set of evolutionary cohesion
indicators used for domain recovery, including co-
change frequency, temporal proximity, semantic
similarity, and dependency-aware signals;

3) to develop an integrated evolutionary
cohesion measure that combines heterogeneous
evidence sources and represents relationships
between system artifacts as a weighted evolutionary
cohesion graph;

4) to define a graph-based domain grouping
procedure that partitions system artifacts into
candidate responsibility domains based on stronger
internal evolutionary cohesion and weaker external
connectivity;

5) to define an explainable procedure for
differentiating recovered domains into functional
and technical responsibility areas using domain-level
indicators such as ownership dispersion, reuse index,
and cross-domain connectivity;

6) to specify the output representation of the
method as a domain map and interaction graph that
can support architectural understanding, change
impact reasoning, and maintenance planning;

7) to define the validation strategy for assessing
the proposed method, including comparison with
proxy architectural references, expert assessment,
and sensitivity analysis under different thresholds,
feature weights, and historical windows.

The pipeline of the proposed method is depicted
in Fig. 1. It is organized into successive stages that
transform raw commit-level evolution data into a
graph-based decomposition and an interpretable
classification of domains. Each stage produces
intermediate artifacts that support transparency and
practical applicability in real-world repositories.

Change History Input
!
Preprocessing —l
Coupling Features \l
Graph Construction ~l
Domain Clustering \l

Domain Labeling

|

Domain Structure Output

Fig. 1. Pipeline transforming repository
evolution data into an interpretable functional

and technical domain structure model
Source: compiled by the authors

Formally, the goal is to partition the set of code
artifacts into cohesive groups that represent
responsibility areas, while distinguishing between
business-oriented and infrastructure-oriented
domains. Artifacts may correspond to files, classes,
packages, or other modular units, depending on the
granularity of the analyzed system. The objective is
not only to maximize cohesion within domains, but
also to minimize unnecessary cross-domain
coupling, thereby improving maintainability and
supporting architectural reasoning.

The domain structuring task is considered
correctly fulfilled when the resulting partition
satisfies several evaluation conditions. First, artifacts
inside the same domain should demonstrate stronger
evolutionary cohesion than artifacts assigned to
different domains. Second, the recovered domains
should be sufficiently consistent with available
proxy architectural references, such as packages,
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modules, architectural layers, or ownership
boundaries. Third, the functional or technical
interpretation of each domain should be explainable
through  domain-level indicators, including
ownership dispersion, reuse index, and cross-domain
connectivity. Finally, the resulting structure should
remain reasonably stable under moderate changes in
cohesion thresholds, feature weights, and analyzed
time windows. These conditions define whether the
recovered domain model is not only formally
constructed, but also meaningful for architectural
understanding and maintenance-oriented reasoning.

Let A ={ay,ay,..,a,} denote the set of
analyzed artifacts (files, classes, or packages), and
C ={c,c3,...,cy} denote the set of commits
extracted from the repository history.

Each commit is represented as:

Cr = (Tk'Ak' Uk:Mk)u (1)

where T} is the timestamp; A; S A is the set of
modified artifacts; U, is the author; M, is the
commit message.

The objective of domain structuring is to
construct a partition P = {D;, D,, ..., D;} such that:

Uk_iDx =A,D; N D; = @(i # ), 2)

where each D, represents a candidate responsibility
domain.

The partition is derived from evolutionary
cohesion relations computed between artifacts.

CHANGE HISTORY AS INPUT DATA

The project change history stored in a version
control system serves as the primary data source for
the proposed method. Commits reflect which
components were modified, when the changes
occurred, and by whom they were introduced. The
history is treated as a structured set of related
entities, including the repository, commits, files, and
authors.

The method does not require storing or
processing the complete repository history in all
cases. Instead, the analyzed change history can be
limited by a configurable historical window, defined
either by the most recent N commits or by a selected
time interval. This restriction reduces data collection
and processing costs, which is important when
repository data are obtained through external
services with API rate limits. It also helps avoid
overemphasizing obsolete evolutionary relations that
may no longer reflect the current system structure,
development practices, or team composition.

In practice, commits are preprocessed to
exclude irrelevant noise introduced by non-

functional or automated changes. Artifacts can be
analyzed at different abstraction levels (file-level or
package-level), allowing the method to adapt to both
fine-grained and coarse-grained  architectural
recovery settings. Automated collection and
structuring of change history is assumed, ensuring
the practical applicability of the approach to real-
world repositories.

Regular co-changes between components may
indicate their belonging to the same functional or
technical domain. The method assumes sufficiently
localized change history and consistent development
practices to ensure that evolutionary patterns remain
informative. Centralized merge commits may reduce
the usefulness of co-change and authorship signals
[19] by introducing noise into evolutionary
dependencies. Therefore, optional filtering strategies
can be applied to down-weight or exclude such
commits when constructing evolutionary coupling
relations.

In the preprocessing step, gquantitative and
semantic features are extracted from the change
history to capture evolutionary relationships between
components. These features combine frequency-
based, temporal, semantic, and dependency-aware
evidence, providing a richer representation of
evolutionary cohesion than co-change counts alone.

Evolutionary coupling [20] is defined as the
degree of interrelatedness between artifacts based on
their shared evolution during development. Change
frequency is computed for each component to
highlight actively evolving and potentially critical
areas. For each pair of artifacts (a;, a;) evolutionary
relations are quantified through multiple normalized
signals. Co-change frequency can be defined as:

fij = {cx €C|a;a; €Ax}|. 3)

Co-change frequency measures how often two
components are modified together within the same
commits, which may indicate a shared functional
responsibility.

Coupling strength is derived by normalizing co-
change counts to distinguish stable evolutionary
patterns from coincidental modifications.

Normalized co-change strength can be defined
as:

— fij
“U = T tae e iaeaar, @

Let AT;; denote the average time interval
between shared modifications. Temporal cohesion
can be defined as exponential decay:
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temp;; = e~ T, 1> 0, (5)

where A >0 is a decay rate that controls how
quickly the cohesion weight decreases over time.

EVOLUTIONARY COUPLING FEATURES
EXTRACTION

After the change history is collected and
preprocessed, the method proceeds to feature
extraction as the first analytical step toward domain
recovery. At this stage, the repository evolution is
transformed into a set of measurable signals that
describe how system components co-evolve over
time.

Semantic similarity is incorporated through
contextual information from commit messages or
functionality-related terms, allowing the method to
detect latent relationships even when direct co-
change evidence is sparse.

Let @(a;) € R4 denote a semantic embedding
derived from commit messages or code tokens.
Semantic similarity can be computed using cosine
similarity:

__ 9(a)0(a))
€M) = o M 0@p I ©)

Dependency-aware signals further refine these
relations by accounting for structural connections
between components. Let dep;; € [0,1] represent
the normalized structural dependency strength
between artifacts. The overall evolutionary cohesion
between artifacts can be defined as the integrated
evolutionary cohesion measure:

Wi = a,CCjj + axtemp;; + azsem;;

(7)

+a,dep;;,

where a, > 0,Y%_,a;r =1 and dep;; denotes the
normalized structural dependency strength between
artifacts, derived from static analysis of call, import,
inheritance, or usage relations. Let D denote the set
of structure dependencies. Then:

1 if(a;,a;) €D
deny=fy TR @

Note that dep;; = 0 does not mean the lack of
relation, but just the lack of explicit structural
dependency.

This integrated measure reflects persistent
multi-dimensional evolutionary connectivity rather
than a single dependency signal.

Temporal coupling strengthens links that occur
within short time intervals, reflecting tighter

evolutionary coordination. The coupling measures
emphasize persistent long-term relations rather than
short-lived or accidental co-modifications.

The output of this stage is a set of weighted
evolutionary links between components, which
serves as the basis for subsequent graph construction
and domain grouping.

GRAPH CONSTRUCTION AND DOMAIN
GROUPING

Domain areas of the information system are
structured by grouping components based on
evolutionary coupling features. The weighted
relationships obtained in the previous step are
organized into a structural representation reflecting
the intensity of shared evolution. This step
effectively transforms the repository history into an
evolutionary cohesion graph, where weak and noisy
dependencies can be filtered out to highlight the
most informative relations. System components are
modeled as a graph, where edges capture the
strength of evolutionary cohesion between artifacts.
It is assumed that densely connected subsets of
nodes correspond to potential functional or technical
domains within the system.

The system is represented as a weighted,
undirected evolutionary cohesion graph:

G=(AEW), 9)

where E denotes the set of edges representing
sufficiently strong evolutionary cohesion relations
between artifacts, filtered by the filtering threshold
7. E= { (ai,aj) | 143} > T}, and W(ai,aj) = Wy
denotes the strength of evolutionary cohesion. It
means that an edge between artifacts a; and a; exists
only if their integrated evolutionary cohesion w;;
exceeds a threshold t. The threshold  is treated as a
configurable filtering parameter that controls the
density of the evolutionary cohesion graph. Its value
can be selected using one of three strategies
depending on the available validation data and
project characteristics.

First, ¢ may be defined empirically as a
percentile of all non-zero cohesion weights, for
example, by keeping only the strongest 20-30% of
artifact relations.

Second, T may be calibrated against proxy
architectural references, such as package boundaries,
modules, or ownership structures, by selecting the
value that provides the best structural consistency.

Third, T may be examined through sensitivity
analysis, in which several threshold values are
tested, and the stability of the resulting domains is
compared.
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In this work, 7 is not treated as a fixed universal
constant, because the distribution of cohesion
weights depends on repository size, commit
granularity, and development practices.

Domain structuring is formulated as a graph
partitioning problem that maximizes internal
cohesion and minimizes cross-domain connectivity.
One possible objective function is a modularity max-
imization:

maxpQ(P), (10)
QP) = —Sy(wi; — 22 5(D(a), D(gp),  (11)

where D(a;) denotes the domain assignment of the
artifact a;; d; is the weighted degree of artifact a; in
the evolutionary cohesion graph; m is the total edge
weight in the graph; and 3(-,-) is the Kronecker delta:

1, ifD(a;) = D(a)),

. (12)
0 - otherwise.

5(D(a),D(g) =

Before grouping, coupling thresholds may be
applied to remove coincidental links, improving the
robustness of domain structuring. Domain grouping
may then be performed using community detection
or clustering techniques that partition the
evolutionary cohesion graph into candidate domain
areas. In the baseline configuration, modularity-
based community detection approaches can be used
as a practical grouping strategy due to their
scalability and suitability for weighted evolutionary
cohesion graphs. The resulting clusters represent
candidate responsibility areas, which can be further
analyzed or compared against existing modular
boundaries in the system.

The method remains independent of a specific
grouping algorithm. The graph is built on an
integrated evolutionary cohesion measure, so the
resulting domains reflect shared evolution rather
than formal structural separation.

Scalability considerations include evaluating
how system size and graph density affect the
complexity of graph construction and grouping
procedures, which is critical for large projects. The
output of this stage is a set of candidate domain
areas, representing an evolutionary structural
decomposition of the system.

DIFFERENTIATION BETWEEN
FUNCTIONAL AND TECHNICAL DOMAINS

After candidate domain areas are identified,
they are interpreted and structured into functional
and technical domains of the information system.
Automatic grouping reveals organization, but
practical usage requires structuring, which areas

correspond to business functionality, and which
represent infrastructural subsystems.

Functional domains are associated with
application logic, business processes, and the
system's problem domain. Technical domains cover
infrastructure modules, shared services, and
supporting components that provide system-wide
functionality.

Domain classification relies on combined
indicators reflecting evolution, role, interaction
patterns, and reuse characteristics. This separation is
a key contribution, since most existing approaches
produce clusters without functional or technical
interpretation. The proposed method provides both
domain formation and explainable classification by
combining ownership dispersion, infrastructural
reuse signals, and cross-domain connectivity.

For each recovered domain D, the following
guantitative indicators are computed.

1. Ownership dispersion, which is defined as:

| Uk |

0Dy = EaEchommit_count(a)’ (13)
where U, is the set of distinct contributors.
2. Reuse index, which is defined as:
ZieDy,,j ij
RI), = <Dy (14)

2y jeD Wij

3. Cross-domain connectivity, which is defined

as:
2ieDy,,jeD; Wij
CDC, = —k—k— 1
k Zi jeaWij (15)
To formulate the domain type decision

function, let z, denote a feature vector of the
domainDy,:

Zy = (ODk,R[k, CDCk) (16)
The probability of a domain being technical is
defined as:

P(technical | D) = a(By + BT z), (17)

where a(x) = H—t_x;
specifying the model's baseline tendency to attribute
domains to technical even when all features are zero,

and p is the parameter vector weighting the domain-

level indicators:
B1
,3 = [.32],
B3

where B, is weight of the ownership dispersion, 3,
is weight of the reuse index, S5 is weight of the

Here 3, is the intercept term,

(18)
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cross-domain connectivity. The notation 7 denotes
the transpose of the vector 3. Since

Zy = (ODk,RIk, CDCk), (19)

thus
BTz, = B1ODy + B2RI}, + B3CDCy,. (20)

The weights of the domain-level indicators can
be specified in two ways. In the initial version of the
method, they may be assigned expert-based values
reflecting the expected contribution of ownership
dispersion, reuse, and cross-domain connectivity to
the technical role of a domain. In an empirical
setting, these parameters can be learned from a small
manually labeled subset of domains using weakly
supervised or supervised calibration. The threshold
value 0.5 is used as a baseline decision boundary for
binary classification; however, it can be adjusted
during validation to balance false functional and
false technical assignments.

A domain is classified as technical if
P(technical | D) > 0.5, otherwise as functional.

The correctness of functional and technical
domain assignment is expected to be validated
against proxy ground truth sources, such as existing
package structures, architectural layers, module
ownership, and developer or architect assessment.
Additional validation can include sensitivity analysis

under different threshold values and indicator
weights, as well as comparison between
automatically assigned labels and manually

reviewed domain labels.

Ownership patterns may indicate domain type:
technical modules often involve a broader set of
contributors, while functional domains may remain
more localized. Components that are reused across
many areas or implement general mechanisms
(logging, data access, security) are treated as
candidates for technical domains. Interaction context
further supports classification: technical domains
typically exhibit a high number of links to other
parts of the system, whereas functional domains tend
to remain more domain-specific and locally
cohesive.

The output of this stage is a domain structure
model where each area is interpreted as functional or
technical, improving the clarity of the recovered
decomposition.

OUTPUT DOMAIN STRUCTURE
REPRESENTATION

The identified domains are represented in a
structured form suitable for further analysis and

practical use. The primary output of the method is a
domain map, which assigns information system
components to the corresponding functional or
technical domains. Each domain entry can be
enriched with summary information that supports
interpretability. In addition, an interaction graph is
constructed to represent relationships and
dependencies between domains derived from
evolutionary change patterns.

This representation provides a more transparent
system decomposition and can support architectural
analysis by highlighting critical isolations or
excessive coupling between subsystems. Such
representations can be integrated into architectural
analysis and maintenance workflows, enabling
practitioners to prioritize refactoring or risk
mitigation actions. The resulting domain model
serves as a foundation for maintenance optimization,
change planning, refactoring, and support of risk and
security management processes. The outputs can be
integrated into technical debt management and
change impact control.

ILLUSTRATIVE EXAMPLE

A sample scenario illustrates the workflow of
domain structuring based on change history and
reflects a typical enterprise repository structure that
combines application and infrastructural modules.
The example is intended solely for methodological
illustration of the proposed workflow and does not
represent a full empirical validation on an industrial-
scale repository. A representative fragment of an
information system is considered, including both
functional and technical components.

Assume the system consists of the following
five modules:

— OrderProcessing;

— Paymentintegration;

— UserMgmt;

— DataAccess;

— MonitoringAndLogging.

A small commit history fragment exhibits
shared evolution patterns:

— Commit 1: modified OrderProcessing and
Paymentintegration;

— Commit 2: modified OrderProcessing and
Paymentintegration;

— Commit 3: modified UserMgmt;

—Commit 4: modified DataAccess and
MonitoringAndLogging;

—Commit 5: modified DataAccess and
MonitoringAndLogging;

—Commit 6: modified DataAccess and
UserMgmt
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Co-change frequency reveals strong
evolutionary links between modules:

— a functional relationship  between
OrderProcessing (P = 0.2) and Paymentintegration
(P =023);

— a technical dependency between DataAccess
(P = 0.7) and MonitoringAndLogging (P = 0.8).

UserMgmt represents a boundary functional
component. While it is assigned to the functional
domain, its domain-level indicators show limited
proximity to technical infrastructure due to shared
service interactions. In this illustrative case,
intermediate indicator weighting (P = 0.5) reflects
its functional membership together with maximal
closeness to the technical area. The presented
indicator weights and threshold values are not
empirically calibrated and are used only to illustrate
the interpretation mechanism of the proposed
method.

For example, after computing the integrated
evolutionary cohesion measure and applying the
filtering threshold 7 =0.5, the illustrative
evolutionary cohesion graph can be represented as
follows:

— OrderProcessing - PaymentIntegration = 0.86;

— OrderProcessing - UserMgmt = 0.63;

— Paymentintegration - UserMgmt = 0.58;

— DataAccess - MonitoringAndLogging = 0.82;

— DataAccess - UserMgmt = 0.46.

With T = 0.5, the retained graph contains four
edges: OrderProcessing - Paymentintegration,
OrderProcessing - UserMgmt, Paymentintegration -
UserMgmt, and DataAccess -

4 N

Functional Domain

OrderProcessing

Paymentintegration

UserManagement

. %

MonitoringAndLogging. The link DataAccess -
UserMgmt is excluded because its weight is below
the threshold. The retained edges form two clearly
interpretable areas: a functional domain consisting
of OrderProcessing, Paymentintegration, and
UserMgmt, and a technical domain consisting of
DataAccess and MonitoringAndLogging. The
numerical cohesion values in this example are
illustrative and are introduced solely to demonstrate
the behavior of the proposed grouping procedure.

Based on these cohesion signals, candidate
domains are structured as follows:

— Functional domain:  OrderProcessing +
Paymentintegration + UserMgmt;
— Technical domain: DataAccess +

MonitoringAndLogging.
This example demonstrates that stable co-evolution
patterns can naturally induce domain areas even in
the absence of explicit architectural documentation.
Thus, the illustrative scenario explains the
practical logic of the approach and leads to the
overview of the proposed method shown in Fig. 2.
Empirical evaluation on real repositories is a
part of the next research step, including:
—domain stability assessment under different
time windows and thresholds;

—comparison against proxy ground truth
(folders, modules, architectural layers, owner
teams);

—qualitative  expert  evaluation  through

developer surveys or manual labeling of a limited
subset.

-

\

Technical Domain

DataAccessLayer

MonitoringAndLogging

o /

Fig. 2. Functional and technical domain areas with a boundary module structured at the commit level
Source: compiled by the authors
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BENEFITS OF THE PROPOSED METHOD

The recovered domain structure provides
several practical benefits for system maintenance
and continuous evolution:

— localized change analysis and reduced effort:
instead of inspecting the entire system, developers
focus on the affected domain and its closest
neighbors, significantly narrowing the scope of
investigation;

— explainable impact estimation: domains serve
as an intermediate abstraction layer for impact
analysis, helping predict which component areas are
most likely to be influenced by a modification;

—risk-aware maintenance through domain
interaction modeling: the domain interaction graph
supports an interpretable impact radius, where
changes in one domain pose risks to domains with
strong evolutionary or structural coupling;

—support  for architectural refactoring and
remodularization: clusters with high internal
evolutionary cohesion indicate natural modular
boundaries, while domains with excessive external
connectivity reveal architectural smells and blurred
responsibilities;

—improved robustness under noisy or
incomplete change history: when co-change signals
are sparse or unreliable, semantic and dependency-
aware features strengthen domain recovery and
improve recommendation quality;

— foundation for responsibility and ownership
reasoning: the domain map provides a basis for
modeling  responsibility zones and making
ownership dispersion and infrastructural reuse
patterns explicit.

COMPARATIVE ANALYSIS OF THE
PROPOSED METHOD AGAINST EXISTING
APPROACHES

The proposed method is positioned within
software architecture recovery, as it derives
structural  views  through  dependency-based
clustering. However, it differs from classical SAR
[4], [21] in objective and output abstraction: instead

of primarily producing packaging-level
decompositions, it emphasizes domain areas
interpreted as  functional  versus technical

responsibility units.

Unlike single-signal modularization [22] studies
that mainly optimize cohesion, coupling, or similarity
to ground truth, this approach targets explainable
domain interpretation, explicitly separating functional
from technical domains as an outcome.

While  multi-dependency  recovery  [23]
emphasizes integrating heterogeneous dependency
models, the proposed method extends this principle

at the evolutionary evidence level by combining co-
change, semantic, dependency-aware, and temporal
signals [24] and interpreting them beyond packaging
recovery. Related studies [25] highlight the need for
unified structural and semantic representations of
software repositories to support system-level
analysis and interpretation. Graph-based dependency
representations have been applied for software
quality and reliability assessment in systems of high
architectural complexity.

In contrast to co-change prediction methods that
optimize Top-K recommendation accuracy [11], the
focus here lies on reconstructing a domain structure
that explains why related changes emerge, rather
than predicting isolated artifact pairs.

Compared to existing architecture recovery and
co-change analysis approaches, the proposed method
provides several additional advantages. First, it
combines structural, semantic, temporal, and
evolutionary evidence within a unified evolutionary
cohesion model instead of relying on a single
dependency type. Second, the method introduces
explainable differentiation between functional and
technical domains, improving recovered-structure
interpretability for maintenance and architectural
reasoning. Third, the approach remains clustering-
algorithm independent, which improves adaptability
across  projects  with  different  repository
characteristics and development practices.

Since this paper introduces the proposed
method and does not include empirical evaluation,
the comparative analysis focuses on qualitative
positioning and evaluation criteria that can be used
in future validation rather than unsupported
numerical results. The proposed method can be
compared with architecture recovery, multi-
dependency clustering, co-change-based
reconstruction, and  evolutionary  coupling
approaches using several metrics: MoJoFM,
modularity, and MQ for structural recovery quality;
accuracy, precision, recall, Fl-score, and expert
agreement for functional or technical domain
classification; and stability under different cohesion
thresholds, feature-weight configurations, and time
windows for robustness assessment.

As summarized in Table 1, the key distinctions
concern the input evidence, main goal,
interpretability focus, and output level. Since
clustering effectiveness depends on project
characteristics, the method remains algorithm-
independent, with the grouping technique as a
configurable parameter for future empirical
evaluation. The proposed method aligns with
architecture recovery goals, while extending prior
work through evolutionary signal integration and an
explicit functional-technical domain interpretation.
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Table 1. Positioning of the proposed method against related approaches

Aspect Classical SAR

Co-change prediction

Proposed method

Structural
dependencies

Input evidence

Change history signals

Structural + evolutionary
+ semantic temporal signals

Main goal Package/module

Top-K change Domain structure

recovery recommendation reconstruction
Interpretation Mainly structural Predictive accuracy Explainable functional and
grouping technical domains
Output Packaging Ranked related artifacts Responsibility-oriented
decomposition domain areas
Source: compiled by the authors
LIMITATIONS scattered and tangled across multiple modules,

The recovered domains represent a living
decomposition derived from shared component
evolution rather than a direct reflection of formal
package or directory structures. This perspective
remains especially relevant under architectural
degradation, where continuous change gradually
erodes the original modular organization and
documentation fails to preserve an up-to-date
structural view. The resulting domain map,
therefore, serves as an interpretive navigation
artifact that highlights evolutionary relationships
between responsibility areas. However, automatic
clustering produces candidate domains whose
semantic meaning still requires expert validation,
since some clusters reflect architectural anomalies or
mixed responsibilities rather than clean boundaries.

A key threat to validity arises from noise in a
change history. Commits may include unrelated files
due to formatting edits, reorganizations, or bulk
updates, which introduce spurious co-change links
and may artificially merge domains without shared
responsibility.  Filtering logical dependencies
through strength thresholds and cleaning rules,
therefore, remains necessary to reduce coincidental
associations. The informativeness of recovered
structures also depends on development practices:
repositories with more atomic commits and fewer
large merge commits tend to vyield clearer
evolutionary signals, while rarely modified parts of
the system may remain weakly represented, and
some logical dependencies may never manifest in
recorded history.

Generalization across architectural patterns
constitutes another limitation. In strongly layered
systems, generic cohesion or coupling criteria and
historical signals do not always recover engineering-
oriented layering, particularly in the presence of
cross-cutting infrastructural mechanisms. Functional
versus technical domain separation remains
challenging because technical concerns are often

producing domains with mixed characteristics rather
than purely functional or infrastructural boundaries.
As a result, the distinction is not treated as a strict
ground-truth label, but as an interpretation supported
by explainable indicators such as infrastructural role
signals, interaction breadth in the domain graph, and
ownership dispersion patterns. Misclassification of
cross-cutting technical domains may obscure shared
dependencies and underestimate change propagation
risk, which highlights the need for careful
responsibility-oriented interpretation beyond
structural grouping outcomes.

EVALUATION OUTLOOK

The paper introduces the method itself along
with its analytical estimation, while a full empirical
evaluation is presented as an outlook for future
research. A baseline strategy will compare recovered
domains against proxy ground truth sources, such as
package or folder structures, architectural layers, and
ownership information. Structural recovery quality
can be assessed using MoJoFM, modularity, and
MQ, which are commonly used to evaluate
recovered decompositions and clustering quality in
software architecture recovery.

Future evaluation includes ablation analysis to
assess how co-change, structural, semantic, and
temporal signals influence the reconstructed
architecture, both individually and in combination.
Domain stability can also be examined by varying
temporal windows and filtering thresholds, since
evolutionary relationships may  shift  across
development phases.

The sufficiency of the selected historical depth
will be evaluated through sensitivity analysis over
different commit-based and time-based windows. In
this evaluation, domain structures reconstructed
from different values of N or different time intervals
will be compared using structural similarity, stability
of domain assignments, and consistency with proxy
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architectural references and expert assessment. If
increasing the historical window does not
substantially change the recovered domain structure,
the selected depth can be considered sufficient for
effective structuring in a given project context.

The correctness of functional and technical
domain classification will be evaluated using
accuracy, precision, recall, F1-score, and agreement
with expert labels, while robustness will be assessed
through stability analysis under different time
windows, cohesion thresholds, and feature-weight
configurations.

The approach is compared against structural-
only clustering, co-change-only clustering with
filtering, and ensemble or multi-dependency
recovery technigques to demonstrate the added value
of the integrated measure and domain interpretation.
Expert validation remains essential, as clustering-
based recovery often requires human interpretation;
lightweight developer assessment, therefore, is
considered to confirm the semantic correctness of
the produced domain map.

Subsequent research is expected to extend the
method toward learning cohesion weights and
clustering strategies, weakly-supervised
functional/technical classification using third-party
metadata, and semantic enrichment through code
embeddings when historical signals are sparse.

Therefore, the research goal will be achieved if
the method produces cohesive, interpretable, and
stable domain structures that are consistent with
proxy architectural references and  expert
assessment.

CONCLUSIONS

This paper introduces a method for recovering
the functional and technical domain structure of an
information system from change history. By treating
commits as evolutionary signals, the approach
constructs an integrated evolutionary cohesion graph
that captures co-change, semantic, dependency-
aware, and temporal relationships between artifacts.
Candidate domains are identified through graph-
based grouping, while an interpretive layer classifies

them as functional or technical responsibility areas
using explainable indicators such as ownership
dispersion, reuse index, and cross-domain
connectivity.

This evolutionary perspective allows domain
boundaries to be inferred from actual development
activity rather than relying solely on static
architectural descriptions. Furthermore, such a
representation helps highlight responsibility areas
and their interactions, supporting more informed
architectural reasoning during system evolution. In
contrast to approaches that rely primarily on static
structural information, the proposed method derives
the structure of system domains directly from
observable evolutionary behavior recorded in the
repository history.

The resulting domain map serves as a living

decomposition that remains meaningful under
architectural  degradation and can  support
maintenance, refactoring, and change impact

analysis. Compared to approaches based solely on
static dependencies or isolated evolutionary signals,
the proposed method provides an interpretable and
maintenance-oriented representation of system
responsibility areas.

Thus, the method vyields an interpretable
domain structure that can potentially support
architectural understanding, maintenance planning,
and change impact reasoning, while full empirical
confirmation of these benefits remains a part of
future work. The obtained domain representation
provides a higher-level abstraction of system
organization and helps developers analyze
responsibility ~ boundaries and  evolutionary
dependencies between system components.

This study also discusses the limitations of the
proposed method, while comprehensive empirical
validation is deferred to future work.

In future work, the method will be extended
toward learned cohesion weighting, weakly
supervised functional-technical classification, and
richer semantic enrichment for sparse historical
signals.
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AHOTAIISA

AxtyanbHicTh: IH(bOpMaILiiiHI CHCTEMH MOCTIHHO EBOJIOIL[IOHYIOTh YHACHIIOK BHECEHHS KOMITIB i Moaudikamiil, o
MOCTYIIOBO 3HIKYE apXiTEKTYPHY MPO30PICTh i pO3MHUBAE MEXKIi BIIIOBINAaIBHOCTI MK KOMIOHCHTaMH. Y JTOBrOTPHBAJIUX CHCTEMAax
CTaTHYHA apXiTeKTypHa JOKyMEHTAIlisl 9acToO CTa€ 3acTapiiolo, TOJI SIK iCTOpiS 3MIH PEeHo3nTOpiro 30epirac 00'eKTUBHI AaHI IPO
CHIbHY €BOJIOLII0 apTedakTiB 1 GOpMYyBaHHS €BOIOMIHHUX 3ayie)kHOCTeH. MeTa cTaTTi. MeToto poboTH € po3poOJIeHHS METORY
ABTOMATHYHOTO CTPYKTYPYBaHHs ()YHKIIOHAIBFHUX | TEXHIYHHX JOMEHIB iH(OpMAIiifHOT CHCTEMH Ha OCHOBI iCTOPIl 3MIiH IPOEKTY Ta
CHTHAJTIB €BOJIIOLIHHOT 3B'S13aHOCTI, OTpUMaHKX i3 peno3uropito. 3aBaanns: OCHOBHUMH 3aBJaHHSIMH JOCITIUKEHHS € opMarmizaris
MoJelni icTopii 3MiH MPOEKTY, BU3HAUEHHS IMOKA3HUKIB €BOJIOIIMHOI 3B'A3aHOCTI, MOOYyI0OBa iHTETPOBAHOTO Tpada eBOMOUiHHOT
3B'S13aHOCTI, pO3pOOJICHHS MPOIIEAYPH rpadoBOTO TPYNyBaHHS JOMEHIB, Au()epeHIIallis BiTHOBICHHX JOMEHIB Ha ()YHKIIOHATbHI Ta
TEXHIUHI 00JIaCTi BiATIOBINANHHOCTI, & TaKOX BH3HAUCHHS (GOPMH TPEACTABICHHS PE3yJbTATIB 1 CTparerii Bamimailii MeETOdy.
Metonu. B nocmimkeHHI BUKOPUCTAaHO METOJM aHAINI3Y PEMO3UTOPIiB, aHANI3Yy €BOJIOLIHHOI 3B'I3aHOCTI, Tpad)OBOi KilacTepu3arii,
aHaNi3y CeMaHTHYHOI MOIOHOCTI, aHaIi3y YacoBOT OJIM3BKOCTI Ta MOJICTIOBAHHS 3 YpaxyBaHHAM CTPYKTYPHHX 3aJeKHOCTeH. Meron
MOETHY€E YaCTOTYy CIIUIBHUX 3MiH, YaCOBY OJNM3BKICTh, CEMAHTHYHY MOJIOHICT 1 CHTHAIM CTPYKTYPHHX 3aJI©)KHOCTEH B IHTETpOBaHy
Mipy EBOJIOLIITHOT 3B'I3aHOCTI, MPEICTaBIeHy y BUTJANI 3BakeHOTO rpada. HaykoBa HoBu3Ha: HaykoBa HOBH3HA TOJSTaE y
PO3pOOJIeHHI METOMy BiJHOBICHHS TOMEHHOI CTPYKTypH HE Ha OCHOBI CTATHYHOI apXiTEeKTYpH Y JIOKyMEHTalil, a Ha OCHOBI
CIIOCTEPEIKYBaHOT €BOJIIOLIHHOT TOBEIiHKY, 3adikcoBaHOT B iCTOPIl perno3uTopir. 3ampornoHOBaHO iHTErPOBAaHY MIpy €BOJIOLIHHOT
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3B'I3aHOCTI Ta MEXaHi3M NOsICHIOBaHOI IudepeHmianii JOMeHIB Ha (YHKIIOHATbHI W TeXHIYHI 00JacTi BINOBITAJBHOCTI 3
BUKOPHCTAHHSIM MOKAa3HUKIB PO3MOPOIICHOCTI BOJOMAIHHS, HMOBTOPHOTO BHKOPHMCTAHHS 1 3B'I3KiB MiK momeHamu. IlpakTnuna
3HAYMMicTh. 3ampONOHOBAHMI METOJ MIABHUINY€E apXiTEKTYPHY MPO30PICTh 1 MIATPUMY€E IUIAHYyBaHHSA CYHpPOBOAY, Pe(aKTOPHUHT,
aHaJNi3 BIUIMBY 3MiH, YIPABIIHHA TEXHIYHUM OOpPrOM Ta aHaNi3 30H BIAMOBINAIBHOCTI B €BOIOMIHHHUX iHGOpMAIHHIX CHCTEMaxX.
CdopmoBaHa JOMEHHA KapTa Ta rpad B3aeMOJiil JOMOMAraroTh BUSBISATH CHIBHO 3B'I3aHi 00JNACTI Ta aHANi3yBaTH CBOJIOIIHI
3aJIOKHOCTI MDK migcuctemMamu. PesyiabTtaTH: Y poOOTI 3aIpONOHOBAHO TOBHHH KOHBEEP IEPETBOPEHHS IaHHUX EBOJIOLIi
PETO3UTOPII0 B IHTEPIIPETOBaHY MOJIENb TOMEHHOI CTPYKTYypH. MeTon popmye rpad eBorOLiifHOT 3B's13aHOCTI, BU3HAYA€ KaHIUIATHI
JIOMEHH 3a JOTMOMOTor rpadoBOT0 IpyNyBaHHs Ta Kiacu(pikye X Ha (YHKIIOHANBHI i TeXHIYHI 00JIaCTi HA OCHOBI MOSCHIOBAHUX
iHaKaTopiB. HaBeneHui imoCcTpaTHBHUN IPUKITA IEMOHCTPYE, IO CTa0UIbHI MaTEPHH CITUTHHOI €BOIOLIT JO3BOISIIOTh (hOpMYBaTH
IHTEpIIPEeTOBAaHI JTOMEHHI 00J1acTi HABITH 3a BIICYTHOCTI SIBHOT apXiTEeKTypHOI NOKyMeHTamii. BUCHOBKH. 3anpornoHOBaHUi METO.
3a0e3neyye BiTHOBIICHHS IHTEPIPETOBAHOI CTPYKTYpH (YHKLIOHAJIbHMX | TEXHIYHMX JOMEHIB Ha OCHOBI iCTOpIi 3MiH NPOEKTY
NOUBIXOM TO€JHAHHS CUTHATIB CIUIBHUX 3MiH, CEMAaHTHYHOI MOTIOHOCTI, CTPYKTYpHHX 3aJIe)KHOCTEH 1 94acoBOi OJM3BKOCTI.
OTtpuMaHa JOMEHHA JEKOMITO3HIIIS MATPUMY€ apXiTeKTypHe pO3yMiHHS Ta aHaNi3 CyIpPOBOAY CHCTEMH, 3MEHIIYIOUH 3aJIeXKHICTh Bil
HenoBHOT abo 3actapinoi qokymenranii. [Tomanbiri gocaimkeHHs: OyAyTh COpsIMOBaHI Ha EMIIPHYHY BaJJAIi0 Ta BIOCKOHAJICHHS
MeXaHI3MIB Kiacuikamii if HanamTyBaHHS BaroBUX Koe(illi€HTiB.
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JOMeHiB; (yHKLIOHAIBHI JOMEHH; TEXHIYHI JOMEHH
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