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Abstract
Problem: Microservice granularity is typically treated as a one-time design decision, yet service boundaries

must evolve with changing technical and business demands. The absence of systematic mechanisms for continu-
ously reassessing granularity often leads to excessive fragmentation, increased maintenance effort, and elevated
operational costs. Method: This paper presents Granulify, a novel evidence-based approach for continuous gran-
ularity management that addresses critical gaps identified in a systematic mapping of 24 primary studies. The ap-
proach integrates qualitative diagnosis and quantitative assessment to support iterative boundary adjustments. The
approach introduces the Granularity Classification Spectrum (GCS) for positioning services along a granularity con-
tinuum, and the Granularity SaturationMethod (GSM), which combines polarity-aligned metrics into two aggregate
indices—Net Benefit (NB) and Total Variation (TV)—and derives a bounded Saturation Score (SS) from their ratio
for regime classification. Thresholds are calibrated through a lagged rolling window, ensuring that each period is
classified only using prior historical observations. We followed an industry-oriented Design Science Research ap-
proach, operationalised through 13-month longitudinal action research in a large-scale financial services platform,
where the first author served as lead architect actively participating in granularity decisions while systematically
collecting evidence. Results: The rolling analysis treated the initial months as calibration warm-up and identified
the first actionable over-decomposition signal in February 2024, when negative Net Benefit values indicated archi-
tectural degradation. These quantitative signals were interpreted through triangulation with qualitative observations
from sprint retrospectives and architecture review meetings. During the prospective intervention phase, Granulify
supported the team in identifying efficient decomposition periods, detecting empirical saturation before further frag-
mentation, and performing a strategic consolidation that was associated with the highest Saturation Score values of
the observation period. Conclusion: Granulify provides actionable, evidence-based support for architectural deci-
sions that traditionally relied on subjective judgement, supporting teams in detecting saturation signals and adjusting
service boundaries before incurring unnecessary complexity and costs.

Keywords: Microservices, Service Granularity, Continuous Architecture Management, Software Metrics, Longitudinal
Action Research

1 Introduction
Precisely establishing the size and scope of a microservice re-
mains one of the main software engineering challenges faced
by development teams. Prior studies highlight the complex-
ity involved in granularity decisions and their direct impact
on the modularity, performance, maintenance, and evolution
of microservice-based systems (Fritzsch et al., 2019; Bogner
et al., 2021; Becker and Lucrédio, 2020;Waseem et al., 2021;
Colanzi et al., 2021; Zhou et al., 2023; Salii et al., 2023; Has-
san et al., 2020; Nunes et al., 2019; Taibi and Lenarduzzi,
2018; Vural and Koyuncu, 2021; Tusjunt and Vatanawood,
2018).
In this regard, granularity decisions are fundamental to

software modeling: inadequate decomposition can lead to
an excessive number of components and automation mech-
anisms, which tends to intensify operational complexity and
cost, increase the coordination effort required for testing and
integration, and raise the likelihood of communication fail-
ures and inconsistencies, ultimately increasing maintenance
effort over time (Behrad et al., 2021; Ait Said et al., 2024).
Although the literature provides substantial evidence on

challenges and strategies for migrating legacy systems to mi-
croservices (Fritzsch et al., 2019; Taibi et al., 2017; Colanzi

et al., 2021), an important gap remains: granularity should be
treated as a dynamic property that evolves with the systems,
teams, and business demands; however, there is limited op-
erational guidance on how to continuously reassess and ad-
just service boundaries after the initial decomposition (Has-
san et al., 2020; Vera-Rivera et al., 2021; Bogner et al., 2021;
Driessen et al., 2024). In practice, teams still face recurring
concerns when managing microservice granularity, includ-
ing the following:

• Lack of objectivity and limited tooling support: ser-
vice boundary decisions frequently rely on expert judg-
ment, which is not always consistently available or sys-
tematically justified (Driessen et al., 2024; Vera-Rivera
et al., 2021).

• Need for dynamic, evidence-driven assessment: gran-
ularity assessment should capture both the expected
value and the incurred cost of (re)decomposition deci-
sions, rather than treating granularity as a one-time de-
sign choice (Hassan et al., 2021).

• Lack of actionable guidance for decomposition and
recomposition: many approaches describe principles,
but few provide repeatable procedures and instruments
that practitioners can apply in real-world contexts (Vera-
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Rivera et al., 2021; Zhang et al., 2019).
• Limited longitudinal industrial evidence: empirical
accounts of granularity adjustment and its consequences
over time remain comparatively scarce (Bogner et al.,
2021; Hassan et al., 2020).

These concerns arise, in large part, because granularity is fre-
quently treated as a one-time decision during the initial de-
composition, rather than as an ongoing management activ-
ity. To address this gap, this study presents Granulify, an
evidence-based approach to continuous granularity manage-
ment in distributed systems, providing guidance on adjust-
ments throughout the application lifecycle through progres-
sive modularization and architectural adaptation.
In this paper, we use the term continuous granularity man-

agement to denote an iterative process of monitoring, evalu-
ating, and adjusting service boundaries throughout the sys-
tem lifecycle. This notion differs from initial decomposition,
which focuses on partitioning the system during the early
stages (e.g., during migration, initial design, or moderniza-
tion) and frequently assumes that the chosen granularity will
remain adequate. Continuous granularity management, in
contrast, emphasizes periodic reassessment based on accu-
mulated evidence of system evolution, aiming to detect gran-
ularity saturation.
We define granularity saturation as the point at which

continuous adjustments to service boundaries no longer
yield measurable improvements in the system’s quality at-
tributes. Recognizing saturation helps teams avoid over-
decomposition and the associated operational overhead, fo-
cusing instead on architectural stabilization and addressing
other concerns.1
This approach was developed and evaluated through a 13-

month longitudinal industrial study involving the migration
and evolution of a large investment platform in the Brazil-
ian financial sector. In this context, Granulify provided sys-
tematic guidance for granularity decisions, supporting the
team in balancing the benefits of decomposition against op-
erational costs and in detecting when the system had reached
an adequate level of granularity.
The main contribution of this study is the definition of an

approach for continuous granularity management, including
a repeatable granularity review protocol and supporting in-
struments for mapping and assessment. Specifically, this pa-
per presents the following:

1. The Granularity Classification Spectrum (GCS), a
conceptual model that categorizes granularity levels in
microservices, facilitating understanding and communi-
cation about different decomposition strategies.

2. The Granularity Saturation Method (GSM), which
supports granularity saturation assessment by combin-
ing a set of polarity-aligned metrics into two comple-
mentary aggregate indicators: Net Benefit (NB), cap-
turing the directional effect (improvement vs. degrada-
tion), and Total Variation (TV ), capturing the mag-
nitude of structural change (turbulence) regardless of
sign.

1This differs from its use in Site Reliability Engineering in Google’s
Golden Signals, where saturation denotes how busy a constrained execution
resource is, such as CPU, memory, I/O, or queue capacity.

Furthermore, it presents initial empirical evidence from an
industrial study that illustrates the practical application and
benefits of Granulify, providing insights into how teams can
navigate the complexities of microservice granularity over
time. This paper also extends our prior work presented at the
39th Brazilian Symposium on Software Engineering (Justino
et al., 2025). The main additions include (i) a comprehensive
related work section based on a systematic mapping study of
24 primary studies; (ii) a detailed description of the Granu-
larity Classification Spectrum; (iii) the complete Granularity
Saturation Method, with formal definitions and thresholds;
(iv) extended empirical evidence from the industrial study;
and (v) an in-depth discussion of threats to validity and fu-
ture work.
The remainder of this paper is organized as follows: Sec-

tion 2 discusses related work on microservice granularity;
Section 3 details the Granulify approach; Section 4 presents
the research method and industrial study design; Section 5
presents the results and discussion; and Section 6 concludes
the paper with contributions, limitations, and future work.

2 Related Work

This section presents the theoretical foundation underlying
this work. It is derived from a systematic mapping study
(SMS) of 25 primary studies onmicroservice granularity pub-
lished between 2017 and 2024. The analysis of this mapping
identifies critical gaps in continuous granularitymanagement
and positions the contributions of this research.

2.1 Conceptual Foundations

In a classical conception, granularity relates to the level of
detail or abstraction of a software component, reflecting its
size, functional scope, and degree of coupling among system
units Parnas (1972); Shaw and Garlan (1996). When this no-
tion is brought to microservice-based architectures, granular-
ity also becomes a boundary-definition problem Vera-Rivera
et al. (2021).
Delimiting such boundaries remains one of the most

challenging decisions in the design and evolution of these
systems Hassan et al. (2020); Salii et al. (2023); Vera-
Rivera et al. (2021). This is because granularity decisions
depend on multiple factors: domain boundaries (Domain-
Driven Design) Vural and Koyuncu (2021); Ait Said et al.
(2024), maintainability and evolvability Becker and Lucré-
dio (2020); Taibi and Lenarduzzi (2018), operational infras-
tructure cost Hassan et al. (2022); Vera-Rivera et al. (2021),
and service independence and flexibility Hassan et al. (2020).
In other words, these challenges bring with them a set of

trade-offs: finer decomposition may improve modularity and
scalability, but may also increase architectural complexity,
communication overhead, and operational cost Hassan et al.
(2020); Salii et al. (2023). These adverse effects are inter-
preted in this paper as indicators of a saturation point, at
which further decomposition or unnecessary aggregation no
longer produces net benefits due to coordination and com-
plexity costs.
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In this sense, selecting granularity in practice involves sig-
nificant trade-offs (e.g., scalability vs. cost; modularity vs.
coordination; modularity vs. maintainability) on the part of
a team Hassan et al. (2020); Driessen et al. (2024); Josélyne
et al. (2018); Colanzi et al. (2021).

2.2 Systematic Mapping Protocol
To ensure transparency and rigor, we conducted a systematic
mapping study following established guidelines Kitchenham
et al. (2007). The search was executed between June and Au-
gust 2023 in the ACM Digital Library, IEEE Xplore, and
ScienceDirect, using the query (“micro service” OR micro-
service) AND (granularity OR size OR decomposition). The
automated search returned 1,749 records. After duplicate re-
moval, 1,366 unique studies remained. Sequential screening
(title, abstract, and full-text assessment) resulted in 23 pri-
mary studies for synthesis.
To update the evidence base beyond the original search

window, we conducted a complementary snowballing pro-
cedure from the initially mapped corpus, focusing on publi-
cations from 2024 and 2025. The update combined forward
snowballing, to identify recent studies citing the mapped cor-
pus, and backward snowballing, to inspect the references of
newly identified candidates.
Across the entire screening (52 candidates assessed), 25

studies were accepted (acceptance rate: 48.1%), incorpo-
rating recent work on quantitative granularity assessment,
industrial microservice adoption, decomposition modeling,
and temporal indicators of architectural degradationDriessen
et al. (2024); Ait Said et al. (2024); Bakhtin et al. (2025);
Bakhtin (2025).
The 2025 studies were used as adjacent evidence for po-

sitioning, rather than as primary SMS inputs, because they
address architectural degradation detection through tempo-
ral network analysis, rather than granularity decision-making.
Overall, the snowballing update reinforced the relevance of
microservice granularity as an active research topic, but did
not alter the main gap identified in the mapping: no study
in the final corpus combines continuous granularity man-
agement, longitudinal industrial evidence, an operational
methodological instrument, and an explicit temporal satura-
tion signal.
After selection, we conducted a systematic classifica-

tion of each of the 25 primary studies across bibliographic,
methodological, contextual, and technical dimensions. The
results of this classification are synthesized in the next sub-
section, followed by a gap analysis that motivates the contri-
butions of this paper.

2.3 Evidence Synthesis
This subsection synthesizes evidence from the 25 primary
studies by examining (i) the Study Profile and Methodolog-
ical Landscape, (ii) Contribution and Artifact Patterns, (iii)
Granularity Actions Addressed (e.g., decomposition, migra-
tion, merging, and splitting), (iv) Assessment Criteria and
Metric Families used to evaluate granularity, (v) Lifecycle
Coverage and Saturation Support, and (vi) the coverage of ar-
chitectural forms across the Granularity Spectrum (G0–G6).

2.3.1 Study Profile and Methodological Landscape

The 25 studies are distributed across journals (48.0%), con-
ferences (48.0%), and other publication types, such as theses
(4.0%). 2 The main publication venues include IEEE ICSA,
IEEE Software, Journal of Systems & Software, and ACM
conferences. Research methods are dominated by case stud-
ies (52.0%) and surveys (24.0%), followed by studies with-
out empirical evaluation (16.0%) and mixed methods (8.0%).
An industrial context is present in 64.0% of the studies;
laboratory/academic environments account for 16.0%, open-
source projects for 12.0%, and the context is not reported in
8.0%.

2.3.2 Contribution and Artifact Patterns†

The primary contribution types include methods or processes
(28.0%), catalogs or taxonomies (16.0%), metrics or mea-
sures (8.0%), tools (8.0%), guidelines or checklists (4.0%),
and frameworks (4.0%). Notably, 56.0% of the studies pro-
vide some form of reusable operational instrument. In terms
of availability, 52.0% of the studies describe their instru-
ments only in the paper, 32.0% provide public links or repos-
itories, and 4.0% report instruments that are unavailable.

2.3.3 Granularity Actions Addressed†

Decomposition is the dominant action addressed (68.0%),
followed by migration (64.0%) and merging (36.0%).
Splitting (32.0%), boundary refactoring (20.0%), and
smell/antipattern detection (20.0%) also receive notable at-
tention, indicating that the corpus covers a broader range of
boundary operations than is commonly recognized.

2.3.4 Assessment Criteria and Metric Families†

The literature recognizes the multidimensional nature of
granularity decisions: 44.0% of the studies employ explicit
multi-criteria analysis. The most frequently used metric
families are coupling (76.0%), maintainability (68.0%),
cohesion (44.0%), scalability (40.0%), domain align-
ment (40.0%), size (40.0%), team/organizational factors
(28.0%), performance (28.0%), reliability (16.0%), com-
plexity (16.0%), and cost (16.0%). Criterion combination
approaches are distributed among heuristics (28.0%), rule-
based approaches (24.0%), structured qualitative analysis
(16.0%), and weighted scoring (4.0%); the combination
approach is not reported in 28.0% of the studies.

2.3.5 Lifecycle Coverage and Saturation Support†

Regarding lifecycle stages, multiple/end-to-end stages
(40.0%) and design (36.0%) are the most represented,
followed by evolution (28.0%) and operation (4.0%).

2Methodological note: in systematic mapping studies, several dimen-
sions are multi-label (a single study may fall into more than one category),
such as metric families, granularity actions, lifecycle stages, and sometimes
context and contribution type; this also applies to the granularity spectrum
classification (G0–G6) introduced in this section. In such cases, the reported
percentage represents coverage, so percentages may exceed 100% when
summed. Multi-label dimensions are marked with † in this section.



Granulify: Continuous Microservice Granularity Management with Saturation Signals from Longitudinal Industrial Evidence Justino et al. 2026

2.3.6 Coverage of Granularity Spectrum Levels (G0–
G6)†

To characterize how the evidence base frames architectural
granularity, we classified each primary study into the cat-
egories of the Granularity Classification Spectrum (G0–
G6) Justino et al. (2025). Table 1 summarizes the resulting
distribution. 3 In this paper, we detail each spectrum level
below, extending definitions from prior work Justino et al.
(2025). In Section 3, we operationalize these levels within
the Granulify approach.

Table 1. Coverage of the 25 primary studies across the Granularity
Classification Spectrum (G0–G6).

Level Category N Coverage

G0 Monolith 07 28.00%
G1 Modular Monolith 01 4.00%
G2 Service-Based 04 16.00%
G3 Extended Microservice 25 100.00%
G4 Intermediate Microservice 14 56.00%
G5 Focused Microservice 05 20.00%
G6 FaaS / Nanoservice 01 4.00%

Overall, the evidence anchors granularity discussions in mi-
croservice contexts (G3) and, in most cases (56.00%), also
discusses intermediate microservice boundaries (G4), i.e.,
services with sub-capability or subdomain scope. In contrast,
focused microservices (G5) appear in a minority of studies
(20.00%), frequently in the context of risks and corrective
actions (e.g., avoiding over-segmentation andmerging exces-
sively fine-grained services). References to monoliths (G0)
appear in 28.00% of the studies, typically as the migration
origin.
Service-based architectures (G2, 16.00%) appear both as

a transitional architectural form in migration studies Huang
et al. (2020); Tusjunt and Vatanawood (2018); Bogner
et al. (2019) and, in one case, as the Mega Service an-
tipattern Tighilt et al. (2023), representing a coarse-grained
boundary violation that the evidence base explicitly flags as
problematic.
A single primary study addresses each of the modular

monolith (G1) and serverless/nanoservice (G6) perspectives,
showing that these boundary forms remain underexplored in
the evidence base.4

2.4 Gap Analysis and Positioning
Based on the preceding synthesis, we positioned the 25 pri-
mary papers against five binary criteria that capture the di-
mensions most relevant to this study: Continuous Gran-
ularity Management (CGM), Longitudinal Data Analy-

3The categories are not mutually exclusive: a single study may mention
multiple architectural forms (e.g., monolith, service-based, and microser-
vices) when discussing adoption, migration, and evolution.

4G1 (modular monolith) appears in one primary study Ait Said et al.
(2024) and G6 (FaaS/nanoservices) in one study Tighilt et al. (2023), where
it is treated as an antipattern (Nano Service). Both levels are also discussed
in the gray literature (e.g., technical reports and industry blogs) and in sec-
ondary studies (systematic reviews) not covered by the SMS protocol.

sis (LDA), Industrial Application Context (IAC), Opera-
tional/Methodological Instrument (OMI), and Temporal
Saturation Signal (TSS).
The coding scheme combines empirical, artifactual, and

gap-oriented dimensions derived from the SMS synthesis.
LDA and IAC distinguish longitudinal evidence from cross-
sectional analysis and industrial validation. OMI captures
whether a study provides an operational method, tool, check-
list, protocol, or reusable instrument. CGM captures whether
granularity is treated as an ongoing lifecycle concern, rather
than a one-time decomposition or refactoring decision.
Finally, TSS was introduced to identify studies that de-

fine an explicit temporal signal for detecting saturation or
stabilization in granularity evolution. Table 2 summarizes
this positioning. The criteria are used as an analytical coding
scheme for gap identification, rather than as a quality ranking
of the primary studies.
The evidence base shows a clear asymmetry. Although

44.0% of the studies employ explicit multi-criteria analysis—
indicating that the field increasingly recognizes the multi-
dimensional nature of granularity decisions—this analytical
breadth is generally applied to point-in-time assessments,
rather than to continuous management or temporal saturation
detection. Examining these dimensions jointly, the resulting
gaps are:

• Continuous Granularity Management (4.00%):
Only one study Hassan et al. (2022) proposes a
mechanism for continuous granularity management
throughout the system lifecycle.

• Longitudinal Data Analysis (8.00%): Only 2 studies
analyze temporal data at multiple points; 92.0% per-
form cross-sectional analysis (single snapshot).

• Operational Guidance for Reassessment (56.00%):
Although the studies provide an operational or method-
ological instrument (OMI), these instruments gener-
ally do not define explicit criteria for when granularity
should be reassessed. The predominant approach treats
granularity as a point-in-time decision (at design time
or eventual refactoring), rather than as a continuous pro-
cess that evolves with the system.

• Temporal Saturation Signal (0%): No study defines
an indicator for determining when granularity has
reached a stabilization or saturation point—the most
critical gap identified.

Beyond these identified gaps, recent work on architectural
degradation provides an adjacent but distinct line of evidence.
The study by Bakhtin et al. Bakhtin et al. (2025) analyzes mi-
croservice degradation through temporal network structures
and centrality-change indicators, showing that architectural
decay can be detected from evolving dependency graphs.
This work is relevant to our positioning because it rein-

forces the need for temporal reasoning in microservice evo-
lution. However, its focus is on architectural degradation de-
tection, not granularity decision-making: it does not define
saturation as a balance between the benefits and costs of de-
composition, nor does it provide an operational signal for de-
ciding when to split, merge, or stop decomposing services.
The studies most closely focused on granularity are those

by Hassan et al. Hassan et al. (2022) and Driessen et
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Table 2. Systematic mapping of 25 primary studies against dimensions relevant to continuous granularity management (CGM: Continu-
ous Granularity Management; LDA: Longitudinal Data Analysis; IAC: Industrial Application Context; OMI: Operational/Methodological
Instrument; TSS: Temporal Saturation Signal).

Continuous Longitudinal Industrial Operational/ Temporal
ID Study Granularity Data Application Methodological Saturation

Management Analysis Context Instrument Signal

p01 Taibi et al. (2017) - - ✓ ✓ -
p02 Josélyne et al. (2018) - - - ✓ -
p03 Taibi and Lenarduzzi (2018) - - ✓ - -
p04 Tusjunt and Vatanawood (2018) - - - ✓ -
p05 Bogner et al. (2019) - - ✓ - -
p06 Cruz et al. (2019) - - ✓ ✓ -
p07 Fritzsch et al. (2019) - - ✓ - -
p08 Nunes et al. (2019) - - - ✓ -
p09 Zhang et al. (2019) - - ✓ - -
p10 Becker and Lucrédio (2020) - - ✓ - -
p11 Huang et al. (2020) - - ✓ - -
p12 Behrad et al. (2021) - - - ✓ -
p13 Bogner et al. (2021) - - ✓ - -
p14 Colanzi et al. (2021) - - ✓ ✓ -
p15 Gravanis et al. (2022) - - - ✓ -
p16 Mendonca et al. (2021) - - ✓ - -
p17 Vural and Koyuncu (2021) - - - ✓ -
p18 Waseem et al. (2021) - - ✓ - -
p19 Hassan et al. (2022) ✓ - - ✓ -
p20 Zhong et al. (2022) - ✓ ✓ ✓ -
p21 Hasan et al. (2023) - - - ✓ -
p22 Tighilt et al. (2023) - - - ✓ -
p23 Zhou et al. (2023) - - ✓ - -
p24 Driessen et al. (2024) - ✓ ✓ ✓ -
p25 Ait Said et al. (2024) - - ✓ - -

This work ✓ ✓ ✓ ✓ ✓
Coverage 4.00% 8.00% 64.00% 56.00% 0.00%

al. Driessen et al. (2024), but they differ from Granulify in
four important respects. First, in terms of artifact, Hassan
et al. provide a scalability analysis approach for granularity
adaptation decisions, while Driessen et al. provide a quanti-
tative maintainability assessment method for identifying ser-
vices as candidates for merging or decomposition; Granulify
combines a granularity classification spectrum, a saturation
assessment method, and a repeatable management process.
Second, in terms of assessment method, those studies eval-

uate specific quality perspectives—scalability in Hassan et
al. and maintainability through coupling, cohesion, size, and
change-relatedmetrics in Driessen et al.—whereas Granulify
aggregates polarity-aligned indicators across architectural,
development, deployment, code quality, and operational di-
mensions.
Third, in terms of application context, Driessen et al. vali-

date their method through selected refactoring cases inmixed
real-world and open-source systems, while Granulify is eval-
uated through 13 months of longitudinal action research in a
large-scale financial services platform.
Finally, in terms of the generated signal, the prior works

produce quality-oriented assessments or refactoring candi-
dates, but not a temporal saturation signal that classifies
whether the observed granularity changes represent efficient
decomposition, empirical saturation, over-decomposition, or
consolidation.
This gap analysis highlights the absence of systematic

mechanisms for continuous granularity management and the
lack of empirical evidence on granularity saturation signals.
Addressing these gaps represents a significant research op-
portunity that this work directly tackles.

2.5 Gap Statement
The evidence base demonstrates substantial progress in
(i) defining and measuring granularity through multiple crite-
ria, (ii) cataloging symptoms and decision heuristics (e.g., ar-
chitectural smells and decomposition guidance), and (iii) dis-
cussing trade-offs and quality attributes. However, three gaps
remain particularly salient for practice:

1. The lack of a continuous and repeatable method for
revisiting granularity decisions throughout the system
lifecycle (only 4.00% address this);

2. The absence of a temporal saturation signal that sup-
ports longitudinal reasoning about when granularity sta-
bilization has been achieved (0% address this);

3. The limited operationalization of reassessment trig-
gers in existing instruments, i.e., even when operational
guidance is provided, the criteria for deciding when
granularity should be reassessed generally remain im-
plicit.

Granulify was designed to directly address these gaps, com-
bining continuous monitoring, longitudinal evidence collec-
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tion, operational instruments for granularity assessment, and
explicit temporal saturation signals to guide adjustment de-
cisions in industrial environments. The next section presents
the Granulify method, detailing how these elements are orga-
nized into a practical approach for evaluating service granu-
larity and supporting adjustment decisions.

3 Granulify Method

This section details the Granulify method, an evidence-based
approach for continuous granularity management in dis-
tributed systems. The method is structured around an iter-
ative cycle of granularity assessment and adjustment, sup-
ported by conceptual artifacts and operational instruments
that facilitate informed decision-making throughout the sys-
tem lifecycle.
In the following subsections, we describe the guiding prin-

ciples of themethod, theGranularity Classification Spectrum
(GCS) used to map services along a granularity continuum,
and the Granularity Saturation Method (GSM) for assessing
when granularity has reached a saturation point. These ele-
ments form the foundation of the iterative process that teams
can follow to monitor and adjust the granularity of their sys-
tems in a systematic, evidence-based manner.

3.1 Principles and Process

Granulify has a set of guiding principles and an iterative
macroprocess for granularity assessment and adjustment.
These elements are designed to support teams in navigating
the inherent trade-offs in granularity decisions, providing a
structure for continuous monitoring, evidence-based assess-
ment, and informed decision-making. At the principles level,
Granulify emphasizes:

i Granularity as a spectrum of manifestations: service
granularity should be viewed along a spectrum, rang-
ing from coarse-grained (monolith-like) to fine-grained
(highly fragmented). The optimal level of granularity
varies according to technical constraints, organizational
structure, and business needs.

ii Continuous monitoring: granularity should be con-
stantly monitored and adapted to balance modularity,
performance, and management complexity, taking into
account changes in technical and organizational de-
mands.

iii Evidence-based decision-making: architectural ad-
justments should be grounded in both qualitative in-
sights (e.g., domain alignment, team feedback) and
quantitative metrics (e.g., coupling, cohesion, change
frequency) to ensure that decisions are well-informed
and contextually relevant.

At the process level, Granulify is structured as an evidence-
driven macroprocess composed of three main phases, con-
nected by explicit decision points and feedback loops. Fig-
ure 1 summarizes the iterative cycle and how the steps relate
to the three-phase macroprocess described above.

The process begins with (1) Granularity SpectrumMap-
ping, in which the existing microservice architecture is an-
alyzed and positioned along a granularity spectrum using
the Granularity Classification Spectrum (GCS). After iden-
tifying the services, a set of metrics is collected for each
service. This evidence is then analyzed to identify potential
granularity imbalances, such as excessively coupled services,
low cohesion, or services that frequently require coordinated
changes.
This analysis produces a Granularity Mapping Report,

which consolidates structural evidence. Based on this report,
a first decision point assesses whether there are signs of gran-
ularity imbalance. If no evidence is identified, the process
ends without architectural changes.
The process then advances to (2)Measuring Granularity

Saturation, where time-series metrics are analyzed through
the Granularity Saturation Method (GSM) to assess the ob-
served saturation level. The outcome of this analysis is for-
malized as a Granularity Saturation Signal, which feeds a sec-
ond decision point indicating whether an architectural review
is needed.
If an adjustment is deemed necessary, the process pro-

ceeds to (3) Redefining the Microservice Architecture. In
this phase, explicit architectural decisions—such as splitting,
merging, or reorganizing microservices—are made and doc-
umented through an Architecture Decision Record (ADR).
These decisions result in a revised architecture, which can
subsequently re-enter the assessment cycle.
If at any decision point it is concluded that no adjustment

is needed, the process ends preserving the current architec-
ture. Overall, this macroprocess was designed to be iterative
and can be executed either periodically (e.g., during regular
architecture review cycles) or in response to events, when-
ever significant architectural changes or strong symptoms of
granularity imbalance motivate reassessment.
In this paper, we focus on the first two phases of the pro-

cess, which were applied and evaluated in the context of the
longitudinal study described in Section 4.2. The next subsec-
tions detail the artifacts and methods used in these phases.

3.2 Granularity Spectrum Mapping
The goal is to identify and position existing services along a
granularity continuum, collecting their metrics, mapping the
system topology, and assessing potential misalignments and
areas for improvement. This mapping is performed with the
support of theGranularity Classification Spectrum (GCS) ar-
tifact. The composition of the service map and the associ-
ated service metrics forms the Granularity Mapping Report,
which serves as a communication and analysis artifact.
Below, we describe the GCS and the classification criteria

used to position services along the granularity spectrum. We
also present a set of structural metrics used to assess services
and identify potential granularity imbalances, as well as the
indicators that guide analysis and decision-making.

3.2.1 Granularity Classification Spectrum (GCS)

Granulify introduces the GCS, a conceptual model for dis-
tinguishing different levels of granularity. Figure 2 presents
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Figure 1. Granulify Macroprocess for evidence-based assessment and refinement of microservice granularity. Source: the authors’ own work.

a visual representation of the GCS, which organizes archi-
tectural styles along a continuum ranging from monoliths to
nanoservices, as well as the heuristic criteria used to map de-
ployment artifacts to GCS levels.
At the far left, granularity integrators—Monolithic Appli-

cation (G0), Modular Monolith (G1), and Service-Based Ar-
chitecture (G2)—consolidate multiple business capabilities
into a single deployable component. As functional decompo-
sition deepens, the system progresses through three microser-
vice subclasses: Extended (G3), representing a single busi-
ness capability; Intermediate (G4), a cohesive grouping of
related functionalities; and Focused (G5), a single function-
ality.
This progressive refinement of service boundaries cul-

minates in the rightmost level—the nanoservice 5 or FaaS
(G6)—in which each ephemeral, event-driven unit encapsu-
lates a single business function.

3.2.2 Classification Criteria

Complementary to the visual spectrum, the GCS is oper-
ationalized through a set of classification criteria that al-
low positioning architectural artifacts along the granularity
continuum. This classification is based on seven heuristic
criteria that consolidate recurring characteristics observed
in the industrial literature and commonly used in architec-
tural reviews Newman (2021); Ford (2023); Fowler (2017);
Richards (2015); Vernon (2015); Evans (2003). Each of the
following criteria captures a distinct architectural dimension:

• Deployment unit describes the packaging and deploy-
ment boundary: single (entire system deployed as one
unit);multiple (multiple independently deployable com-
ponents); autonomous (each service is an autonomous
deployment unit); function (individual functions as de-
ployment units).

• Internal modularity indicates whether the internal
structure is explicitly designed and maintained: non-
explicit (no enforced boundaries), explicit (well-defined
modules with stable interfaces).

5The term nanoservice is frequently cited in the literature as an antipat-
tern Tighilt et al. (2023); Vural and Koyuncu (2021); in our approach, the
term is also used to classify a granularity level finer than a microservice.

• Deployment independence reflects the degree of au-
tonomy in deployment decisions: none (cannot be de-
ployed separately), partial (limited autonomy), full
(complete deployment autonomy).

• Data ownership describes how data is managed and
accessed: shared (common database or data structures),
owned (each service owns its data),minimal/none (state-
less or minimal local state).

• Coupling characterizes the degree of dependency
between components: strong (high interdependency);
medium (moderate dependencies); low (minimal depen-
dencies); very low (near-zero dependencies).

•
• Functional scope indicates the scope of business func-
tionality encapsulated. Values: entire system (whole
system); multiple capabilities (several business ar-
eas); single capability (one business area); sub-
capability/subdomain (part of a capability); single func-
tion (one operation); atomic event.

• State management indicates how state is handled dur-
ing execution. Values: stateful (maintains persistent
state), predominantly stateful (predominantly stateful,
with some stateless components), predominantly state-
less (predominantly stateless), stateless/ephemeral (no
persistent state, exists only during execution).

These criteria provide a structured lens for evaluating archi-
tectural artifacts and positioning them along the granularity
continuum. The specific combination of values across these
seven dimensions is what distinguishes one granularity level
from the next. For example, the shift from shared data to
owned data, combined with full deployment independence,
marks the transition from G2 (Service-Based) to G3 (Ex-
tended Microservice).
Before detailing each granularity level, it is important to

clarify the terminology used to describe functional scope.
We adopt a hierarchical view of functional decomposition
aligned with Domain-Driven Design principles Newman
(2021): a business capability (or simply capability) repre-
sents a coarse-grained area of business functionality (e.g., In-
vestment Portfolio Management); a sub-capability (or sub-
domain) represents a more focused functional area within a
capability (e.g., Portfolio Valuation); a function represents
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Figure 2. Granularity Classification Spectrum (GCS) Model. Each level represents a distinct granularity pattern, characterized by deployment unit, func-
tional scope, and data ownership. Filled boxes represent individual deployment units (services, functions), while internal subdivisions indicate functional
decomposition within a deployment boundary. Source: the authors’ own work.

a single cohesive operation or responsibility (e.g., Calculate
Net Asset Value); and an action or event represents a spe-
cific invocation or trigger of a function (e.g., On Portfolio
Update). This hierarchy guides the classification of services
along the spectrum.

3.2.3 Granularity Levels

Below, we detail each level of the Granularity Classification
Spectrum, presenting its architectural characteristics, advan-
tages, disadvantages, and associated references. The levels
are organized from coarsest (G0) to finest (G6), reflecting a
progressive increase in deployment independence, modular-
ity, and functional focus.
The advantages and disadvantages reported for each level

are not adopted as a ready-made taxonomy from a single
source; they constitute an authorial synthesis derived from
the cited literature, the GCS classification criteria, and recur-
ring trade-offs observed in architectural reviews. The refer-
ences associated with each level indicate the evidence base
that informed this synthesis, while the final wording and com-
parative framing are contributions of this work.

G0 - Monolithic Application (Very Coarse): A mono-
lithic application is structured as a single deployable unit
in which internal modularity is not explicitly treated as an
architectural decision boundary. With no deployment inde-
pendence, the system operates with shared data structures,
strong coupling between components, and broad business ca-
pabilities. The functional scope spans the entire system, and
execution is inherently stateful Becker and Lucrédio (2020);
Colanzi et al. (2021); Fritzsch et al. (2019); Mendonca et al.

(2021).

• Advantages: simplicity of deployment and initial test-
ing. Because the application is a single unit, the deploy-
ment process is straightforward and less complex. End-
to-end testing is also simpler to execute, as there is no
need to manage multiple services or network dependen-
cies.

• Disadvantages: limited scalability and maintenance
difficulties. The application can only be scaled as a
whole, even if only a small part of it requires more re-
sources, leading to resource waste. Over time, the code-
base can become so intertwined that maintenance and
the introduction of new features become slow and risky.

G1 - Modular Monolith (Coarse): A modular monolith
remains a single deployable unit but introduces explicit in-
ternal modularity through stable interfaces between mod-
ules. While still lacking deployment independence, this ar-
chitecture exhibits medium coupling through well-defined
module boundaries, typically operates with shared data, and
aligns with multiple business capabilities at the module level.
Execution remains stateful Ford (2023); Newman (2021);
Ait Said et al. (2024).

• Advantage: better organization and maintainability. In-
ternal modularity facilitates code comprehension and di-
vision of labor between teams. Explicit boundaries be-
tween modules help prevent accidental coupling, mak-
ing the application easier to maintain and evolve than a
traditional monolith.

• Disadvantage: lack of deployment autonomy and scala-
bility. Despite the internal organization, the application
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remains a single deployment unit. A failure in one mod-
ule can bring down the entire system, and scalability re-
mains monolithic, with no possibility of scaling mod-
ules individually.

G2 - Service-Based (Moderately Coarse): Service-based
architectures introduce multiple deployable units with partial
deployment independence, although autonomy remains lim-
ited. These architectures typically exhibit shared data across
services and maintain strong-to-medium coupling. Each ser-
vice unit commonly spans multiple business capabilities or
coarse-grained domains, with execution remaining predom-
inantly stateful Bogner et al. (2019); Huang et al. (2020);
Tusjunt and Vatanawood (2018).

• Advantage: balance between cohesion and distribution.
It allows a smoother transition from a monolith to a
distributed architecture. Grouping business capabilities
into larger services simplifies communication and data
management compared to finer-grained microservices,
reducing initial operational complexity.

• Disadvantage: high coupling and low separation of
concerns. Since services represent multiple capabilities,
coupling between them tends to be strong. A change
in one business capability may require modifications
across multiple services, and the separation of responsi-
bilities is still limited, hindering independent evolution.

G3 - Extended Microservice (Intermediate): Extended
microservices are independently deployable units that own
their data and align with a single business capability. This
level introduces true service autonomy, with low coupling
between services, while maintaining stateful execution pat-
terns Ait Said et al. (2024); Becker and Lucrédio (2020);
Bogner et al. (2021); Driessen et al. (2024); Zhou et al.
(2023).

• Advantage: development and deployment autonomy
per business capability. Teams can develop, deploy, and
scale their services independently, focusing on a com-
plete business capability. This increases agility and al-
lows each team to choose the technology best suited to
their needs.

• Disadvantage: complexity in integration and data man-
agement. Autonomy requires well-defined integration
points. Managing data consistency across services and
handling distributed transactions become significant
challenges that do not exist in monolithic architectures.

G4 - Intermediate Microservice (Moderately Fine): In-
termediate microservices are independently deployable units
that own their data and align with a sub-capability or sub-
domain within a broader business capability. These services
maintain low coupling with other components, preserving
stateful execution Bogner et al. (2021); Driessen et al. (2024);
Homay et al. (2019); Waseem et al. (2021); Zhong et al.
(2022).

• Advantage: greater functional focus and cohesion. By
encapsulating functional subsets, each service becomes

more specialized and cohesive. This facilitates develop-
ment and maintenance, as the scope of each service is
smaller and better defined than at the full business capa-
bility level.

• Disadvantage: increased internal dependencies and net-
work communication. Higher granularity leads to a
greater number of services that need to communicate to
carry out a business operation. This increases latency,
network complexity, and the need for robust communi-
cation and service discovery mechanisms.

G5 - Focused Microservice (Fine): Focused microser-
vices are independently deployable as persistent services
(typically containers or pods) that own minimal state or data.
Each service aligns with a single function and exhibits very
low coupling with other components. The deployment model
is continuous execution (always-on), and these services fre-
quently require orchestration to fulfill end-to-end business
flows Behrad et al. (2021); Becker and Lucrédio (2020);
Driessen et al. (2024); Taibi and Lenarduzzi (2018).

• Advantage: maximum reusability and granular scala-
bility. Small services focused on a single functionality
can be easily reused in different business contexts. In
addition, they allow extremely precise scalability, allo-
cating resources only to the functionalities that actually
need them.

• Disadvantage: high operational complexity (overhead).
Managing a large number of small services dramati-
cally increases the complexity of deployment, monitor-
ing, logging, and security. The “architectural tax” for
keeping the system running becomes very high.

G6 - FaaS (Very Fine): Function-as-a-Service (FaaS)
represents function-shaped deployment units deployed on
serverless platforms and executed on demand. These func-
tions are deployment-independent by design, maintain no
data ownership, and exhibit very low coupling. Each function
implements a single event-triggered or invocation-driven op-
eration, operating under an ephemeral, stateless deployment
model that is instantiated on demand and terminated after ex-
ecution Ford (2023); Kolny (2023); Tighilt et al. (2023).

• Advantage: cost efficiency and automatic scalability.
The billing model is pay-per-use, eliminating costs asso-
ciated with idle resources. The serverless platform man-
ages all infrastructure and automatically scales func-
tions from zero to thousands of executions as needed.

• Disadvantage: strong vendor dependency (vendor lock-
in) and execution limitations. The application becomes
strongly dependent on the platform and specific APIs
of the cloud provider (AWS Lambda, Azure Functions,
etc.), making migration difficult. Functions typically
have limitations on execution time, memory, and state
(they are stateless).

Each level of the Granularity Classification Spectrum serves
as a reference point for evaluating and positioning existing
microservice architectures. By classifying services along this
continuum, architects and development teams can better un-
derstand the implications of their granularity choices, iden-
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tify potential misalignments, and make informed decisions
about boundary adjustments.

3.2.4 Metric Definition

Ametric is a quantitative measure of an attribute of an object,
system, or process. In software engineering, measurement is
essential for planning, controlling, and improving processes,
products, and projects Setiadi et al. (2024); Belachew (2018).
From this perspective, one of the most important activities in
Granulify’s granularity mapping is metric collection, which
is used to measure granularity saturation (presented in Sub-
section 3.3).
Although metric definitions are associated with the sys-

tem context, we suggest a minimum set to capture the conse-
quences of microservice granularity in terms of architectural
structure, development effort, deployment stability, code
quality, and operational costs. We selected metrics based
on three complementary criteria commonly adopted in mi-
croservice architecture case studies and modernization: rele-
vance, operational feasibility, and comparability. Below, we
present a summary of the metrics and indices used, their pur-
poses, and their connections to the aspects under investiga-
tion:

Architectural: Metrics that track the operational state of
granularity and cumulative decomposition activity.

• Number of µServices (NSt): number of active mi-
croservices deployed in month t, representing the op-
erational state of granularity Bogner et al. (2019); Vera-
Rivera et al. (2021);

• Cumulative Number of µServices (CNS): total num-
ber of services created over time, capturing decompo-
sition activity (including services later consolidated or
decommissioned) Abgaz et al. (2023).

Development: Metrics covering team effort and task exe-
cution efficiency.

• Number of Team Members (TM): indicates the num-
ber of people allocated to the modernization effort, cap-
turing the human factor related to adaptation to a given
granularity Waseem et al. (2021); Vera-Rivera et al.
(2021);

• Developers per µService (DS): ratio between team
members and the number of services, reflecting the
coordination complexity induced by granularity Zhou
et al. (2023); Waseem et al. (2021);

• Estimated Effort (EE): assesses the predictive capac-
ity of teams given the adopted granularity Hassan et al.
(2020); Zhou et al. (2023);

• Actual Effort (AE):measures the direct impact of gran-
ularity on productivity Becker and Lucrédio (2020);
Zhou et al. (2023);

• Effort Variance (EV): ratio AE
EE , which measures

planning efficiency relative to the actual effort re-
quired Becker and Lucrédio (2020); Zhou et al. (2023).

Deployment: Metrics that assess stability and change in-
tensity.

• Number of Changes (NC): reflects both the volume
and intensity of maintenance activities associated with
granularity Driessen et al. (2024);

• Change Frequency (FC): provides an indication of ar-
chitectural stability and cohesion over time Driessen
et al. (2024); Zhou et al. (2023).

Code Analysis: Metrics that reflect structural complexity
and software quality.

• Code Smells (CS): counts the number of detected
code smells, indicating potential maintainability issues
linked to granularity decisions Bogner et al. (2021);
Zhong et al. (2022);

• Thousands of Lines of Code (KLOC): captures the
overall system size and serves as a coarse proxy for
codebase complexity in microservice systems Bogner
et al. (2019); Driessen et al. (2024);

• Cyclomatic Complexity (CC): measures structural
complexity as the number of linearly independent con-
trol flow paths through the code Bogner et al. (2017);
Heitlager et al. (2007);

• Test Coverage (TC): reflects the extent to which
the codebase is exercised by automated tests, serving
as an indicator of testability and confidence against
changes Hassan et al. (2020); Taibi and Lenarduzzi
(2018).

Operational: Metrics that assess infrastructure costs.

• Infrastructure Cost (Cost) is expressed in thousands
of US dollars and enables analysis of the financial im-
pact associated with different levels of microservice
granularity Hassan et al. (2022); Waseem et al. (2021).

Each metric suggested above is theoretically linked to ex-
pected consequences of microservice granularity (e.g., frag-
mentation influencing architectural size, coordination effort,
deployment churn, and operational overhead) and has been
repeatedly used in prior empirical work onmicroservices and
software maintainability (as indicated by the studies cited in
each dimension).
Furthermore, these metrics can be reliably extracted from

existing organizational artifacts (version control, agile tools,
CI/CD, and cost dashboards) with limited manual interven-
tion, enabling consistent monthly snapshots and reducing
measurement bias.
By grouping themetrics across architectural, development,

deployment, code, and operational dimensions, we obtain a
balanced view that supports longitudinal comparisons over
time, while remaining interpretable and replicable in similar
industrial contexts.

3.2.5 Indicators

According to Setiadi et al. (2024), indicators are sets or
combinations of metrics transformed into management in-
formation, such as quality or process performance indicators.
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Based on the metrics presented above, we define four groups
of indicators, each synthesizing orthogonal metrics into in-
terpretable signals for granularity management. Each indi-
cator aggregates metrics from a common semantic dimen-
sion, eliminating redundancies that would introduce double-
counting into the signals. Table 3 presents the four indicators
and their component metrics.
Each of these indicators is composed of metrics that, while

related, capture distinct aspects of granularity dynamics. The
composition is guided by orthogonality principles, ensuring
that each indicator represents an independent aspect, avoid-
ing redundancies and multicollinearity that could compro-
mise the interpretation and reliability of the signals. The fol-
lowing paragraphs detail the composition and purpose of
each indicator:

I1 — Team Efficiency: This indicator is composed of
DS and EV. The composition retains EV—and not EE and
AE separately—to avoid double-counting: since EV =
AE/EE, retaining all three quantities would cause a varia-
tion in actual effort to be counted twice within the same indi-
cator, violating the independence assumption in multivariate
analysis Hastie et al. (2009). DS captures the coordination
load induced by granularity by relating team size to the num-
ber of active services. Together, DS and EV signal whether
the team is able to absorb and execute the adopted granularity
with predictability.

I2 — Delivery Quality: This indicator is composed of
CHURN and CFR, complementary metrics that distinguish
volume from deployment quality. NC was consolidated into
CHURN after verifying that, with fixed monthly periods,
FC ≈ NC/30, generating a correlation > 0.95—a level
that characterizes redundancy and introduces multicollinear-
ity Hastie et al. (2009). CFR composes the indicator to cap-
ture process reliability beyond volume, measuring the pro-
portion of deployments that resulted in a rollback or a hotfix.
Together, CHURN and CFR signal both the pace and stabil-
ity of the delivery pipeline.

I3 — Code Technical Health: This indicator is com-
posed of TC, CS_DENS, and CC_DENS. The original met-
rics KLOC, CC, and CS are structurally correlated—larger
systems naturally accumulate more cyclomatic complex-
ity and more code smells. To eliminate this dependency,
we normalize by size: CS_DENS = CS/KLOC and
CC_DENS = CC/KLOC. Size normalization is estab-
lished practice in empirical software engineering, enabling
fair comparisons across services of different scales Bogner
et al. (2017). TC remains as an orthogonal component, cap-
turing confidence against changes independently of size. To-
gether, the three components signal whether the codebase
maintains a level of maintainability compatible with the prac-
ticed granularity.

I4 — Operational Risk: This indicator is composed of
KCOST and HRISK, which cover distinct facets of risk: fi-
nancial and operational. HRISK was introduced to reveal

risk exposure beyond infrastructure cost, measuring the pro-
portion of changes affecting critical system components—a
facet that KCOST alone does not capture. Together, KCOST
and HRISK signal the cost and fragility associated with the
granularity level in operation.
Although the metrics may vary according to organizational
context—tool availability, process maturity, and business ob-
jectives may lead teams to collect distinct subsets of metrics
in each application of the method—indicators I1 through I4
are fixed and stable in Granulify. This distinction is inten-
tional: the indicators represent the invariable analytical di-
mensions of the method, while the component metrics are
the inputs that feed them.
A team may, for example, substitute one effort metric for

an equivalent one without altering the structure of the Team
Efficiency Indicator (I1), as long as the resulting signal cap-
tures the same management facet. This stability ensures that
the signals produced by the method are comparable across
different industrial contexts and replicable over time.
These four composite indicators, together with the contex-

tual indicators NS and CNS (kept outside the variation model
to avoid circular reasoning), form the set of signals used by
the Granularity Saturation Method detailed in Section 3.3.

3.2.6 Granularity Mapping Report

After identifying the service topology through granularity
level classification and metric collection, the team consol-
idates the findings into a structured document: the Gran-
ularity Mapping Report. This report serves as a commu-
nication and analysis artifact that synthesizes the findings
from the mapping phase, highlighting the distribution of ser-
vices along the granularity spectrum, identifying architec-
tural risks, and pinpointing critical heterogeneity points. Fig-
ure 3 illustrates an example report template, which can be
adapted to the specific needs of the industrial context.
After consolidating the Granularity Mapping Report,

the team analyzes it to extract insights and identify
granularity-related “warning signals.” These signals include
(i) services that do not clearly fit a granularity level, indi-
cating possible ambiguities or misalignments; (ii) coupling
or data-sharing patterns that violate data ownership prin-
ciples, suggesting excessive coupling risks; (iii) services
spanning multiple business capabilities without clear justifi-
cation, indicating under-decomposition; and (iv) excessive
fragmentation with many small services, suggesting over-
decomposition and potential operational overhead. Identify-
ing these signals is crucial for assessing whether the current
granularity is aligned with business needs and for determin-
ing whether there is sufficient evidence to justify applying
the Granularity Saturation Method in the next phase.

3.3 Measuring Granularity Saturation

This phase applies the Granularity Saturation Method
(GSM), which consolidates time-series evidence into satura-
tion signals that support adjustment decisions. This method
processes the time-series metric and indicator values col-
lected during the Granularity Spectrum Mapping phase to
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Table 3. Composite indicators used in the Granularity Saturation Method.

Indicator Component Metrics Management Signal

I1 — Team Efficiency DS Coordination load induced by granularity; ratio between team members and
active services.

EV Planning predictability; ratio between actual and estimated effort, signaling
whether the team effectively absorbs the adopted granularity.

I2 — Delivery Quality CHURN Maintenance intensity; monthly volume of changes capturing the pace of
pipeline activity.

CFR Delivery reliability; proportion of deployments that required rollback, hotfix,
or failure handling.

I3 — Code Technical Health TC Confidence against changes; proportion of the codebase covered by automated
tests.

CS_DENS Normalized maintainability debt; code smells per thousand lines of code.
CC_DENS Normalized structural complexity; cyclomatic complexity per thousand lines

of code.
I4 — Operational Risk KCOST Financial impact; infrastructure cost in thousands of dollars associated with the

granularity level.
HRISK Operational risk exposure; proportion of changes affecting critical or sensitive

components.

quantify how changes in granularity relate to systemic vari-
ation across multiple indicators. The method consists of the
following steps:

1. Metric-level variation: compute the percentage varia-
tion of each basemetric j in each time period i, applying
polarity adjustments and automatic clipping to limit ex-
treme values. This step produces a variation matrix rj,i.

2. Indicator-level aggregation: aggregate metric-level
variations within each indicator d using the median, re-
sulting in indicator-level variations rd,i.

3. Net and Total Variation indices: aggregate indicator-
level variations into two overall indices per period i:Net
Benefit (NBi), using the median of signed variations,
and Total Variation (TVi), using the median of absolute
variations.

4. Saturation Score and Zone Classification: compute
a bounded Saturation Score (SSi), based on the ratio
between NBi and TVi, with safeguards against near-
zero values. Classify each period into saturation zones
(e.g., improvement, churn, deterioration) based on the
score and a minimum evidence threshold.

Below we detail each step of the method, illustrating the for-
mulas and design decisions that underpin the granularity sat-
uration quantification approach.

3.3.1 Inputs and Assumptions

Granulify assumes a time series indexed by periods i ∈
{1, 2, . . . , n} (e.g., weeks, months, quarters, etc.) or equiv-
alent release cycles. For each period i, we observe a set of
base metrics indexed by j ∈ {1, 2, . . . , m}, where xj,i de-
notes the value of metric j in period i.
These metrics are grouped into indicators d ∈ D (I1 —

Team Efficiency, I2 — Delivery Quality, I3 — Code Techni-
cal Health, and I4—Operational Risk), as defined in Subsec-
tion 3.2.5. Each metric j has a polarity pj ∈ {−1, +1} indi-
cating whether higher values are better (pj = +1) or worse

(pj = −1). This separation avoids the semantic incompati-
bility created when absolute values eliminate directionality
between improvements and degradations.
We also track the Cumulative Number of Services (CNSi)

in each period i as a proxy for the granularity level. The
method uses the following constants: cclip = 1.5 (clipping
threshold for percentage variations), τzero = 0.001 (thresh-
old for near-zero values), τtv = 0.001 (threshold for near-
zero Total Variation), and ceff = 0.99 (limit for extreme
efficiency values). These values were determined empiri-
cally through a pilot analysis on the industrial dataset, to bal-
ance outlier resistance with signal preservation Hastie et al.
(2009).
The clipping threshold cclip = 1.5 allows variations of

up to ±150%, preventing extreme outliers from dominating
subsequent aggregations—a common robustness strategy in
time-series analysis Hastie et al. (2009). The near-zero prox-
imity thresholds τzero and τtv prevent division-by-zero er-
rors and numerical instability when baseline values or Total
Variation approach zero.
The efficiency limit ceff = 0.99 bounds extreme ratio

values that can arise when comparing planned versus actual
effort. Collectively, these parameters provide numerical sta-
bility without introducing the sensitivity problems associated
with additive epsilon constants in ratio-based calculations,
which can artificially inflate percentage variations when de-
nominators are small.

3.3.2 Step 1: Metric-Level Variation

The first step computes the metric-level variation rj,i for
each metric j in period i using percentage variation with au-
tomatic clipping. For each metric j and period i ≥ 2, we first
compute the raw percentage variation with zero protection:

r̃raw
j,i =


0 if |xj,i−1| < τzero

pj · xj,i − xj,i−1

|xj,i−1|
otherwise

(1)
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Figure 3. Example set of decomposition metrics. Source: the authors’ own work.

The final variation is obtained by applying automatic clip-
ping to limit extreme values:

rj,i = clip(r̃raw
j,i , −cclip, +cclip) (2)

The clipping function is defined as clip(x, a, b) =
max(a, min(x, b)), where the threshold cclip = 1.5 allows
variations of up to±150%, preventing extreme outliers from
dominating subsequent aggregations. This approach is scale-
invariant—if all metrics are multiplied by a constant k > 0,
the percentage variations remain unchanged. A full numer-
ical application using the nine-metric model is provided in
the integrated worked example following the regime classifi-
cation rules.

3.3.3 Step 2: Indicator-Level Aggregation

To obtain an indicator-level view, Granulify aggregates
metric-level variations within each indicator d using theme-
dian:

rd,i = median ({rj,i : j ∈ M(d)}) (3)
M(d) denotes the set of metrics belonging to indicator d.
The choice of the median (rather than a weighted arithmetic

mean) provides robustness against outliers. The median has
a breakdown point of 50%, meaning that up to half of the
metric values can be arbitrarily extreme without affecting the
aggregated result.
In contrast, the arithmetic mean has a breakdown point

of 0%—a single outlier can dominate the aggregation. This
property is particularly valuable in practice, where individual
metrics may exhibit sporadic extreme variations due to data
quality issues or exceptional circumstances. The integrated
worked example below illustrates this aggregation using the
current orthogonal metric set.

3.3.4 Step 3: Net and Total Variation Indices

The third step aggregates indicator-level variations into two
overall indices per period i using themedian. TheNet Bene-
fit (NBi) captures the directional balance between improve-
ments and degradations:

NBi = median ({rd,i : d ∈ D}) (4)

Simultaneously, we compute the Total Variation (TVi),
which quantifies the overall magnitude of change regardless
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of direction:

TVi = median ({|rd,i| : d ∈ D}) (5)

The use of the median at this aggregation level maintains the
robustness properties established in Step 2, ensuring that ex-
treme indicator-level variations do not disproportionately in-
fluence the global indices. Positive values of NBi indicate
that improvements dominate degradations, while negative
values indicate net deterioration.

TVi complements this directional signal by measuring the
total amount of change observed across indicators. The next
step combines these indices into a bounded Saturation Score
that enables formal regime classification.

3.3.5 Step 4: Saturation Score and Zone Classification

To quantify whether structural changes translate into net im-
provements or merely induce churn, we first compute an ef-
ficiency ratio Ei with protection against near-zero Total Vari-
ation:

Ei =


0 if TVi < τtv

clip
(

NBi

TVi
, −ceff , +ceff

)
otherwise

(6)

where τtv = 0.001 is the threshold for near-zero Total Vari-
ation and ceff = 0.99 prevents extreme efficiency values
from dominating the score. The Saturation Score is then com-
puted by normalizing the efficiency ratio to a [0, 1] scale:

SSi = Ei + 1
2

(7)

The scoreSSi is interpreted as follows: values near 1 indicate
that most of the observed change is aligned with improve-
ment (Ei ≈ +1), values near 0.5 indicate empirical satura-
tion or balanced churn (Ei ≈ 0), and values near 0 indicate
net damage (Ei ≈ −1).
Since SSi is ratio-based, its interpretation becomes unreli-

able when TVi is very small. Therefore, we classify regimes
only when TVi ≥ τi, where τi is a period-specific mini-
mum evidence threshold estimated from prior observations.
When TVi < τi, the period is labeled as low evidence /
stable, and no saturation regime is assigned. This approach
defines saturation as an efficiency ratio between Net Bene-
fit and structural turbulence, capturing whether architectural
changes translate into improvement, stagnation, or degrada-
tion.

3.4 Lagged Rolling Calibration Protocol and
Regime Classification

Rather than computing global thresholds over the entire ob-
servation period, Granulify applies a lagged rolling calibra-
tion protocol. For each period i, the evidence threshold τi

and saturation bands q25,i and q75,i are computed only from
historical periods available before i, bounded by a config-
urable calibration window. Let w be the maximum number
of historical periods used for calibration, and let Wi = {k :
max(1, i−w) ≤ k < i} be the calibrationwindow for period

i. The current period is never included in its own threshold
estimate.
Granulify also defines a minimum calibration requirement

nmin, representing the minimum number of prior observa-
tions required before an actionable regime classification can
be issued. If |Wi| < nmin, period i is labeled as having in-
sufficient calibration history.
This rule prevents early classifications from being guided

by one or two unstable historical points. In operational con-
texts, both w and nmin should be configured according to
the review cadence and data availability; in the monthly in-
dustrial study reported in this paper, we use w = 12 prior
monthly observations as the maximum calibration window
and nmin = 3 prior monthly observations as the minimum
calibration requirement. The evidence threshold is computed
as:

τi = Q25({TVk : k ∈ Wi}) (8)

The saturation bands are then estimated from prior periods
with sufficient evidence:

Vi = {SSk : k ∈ Wi ∧ TVk ≥ τi} (9)

q25,i = Q25(Vi), q75,i = Q75(Vi) (10)

Period i is then classified using τi, q25,i, and q75,i. After clas-
sification, period i becomes available to calibrate subsequent
periods. Periods labeled as having insufficient calibration
history are retained for future calibration but are not inter-
preted as actionable granularity regimes.
This rolling window balances responsiveness to recent ar-

chitectural changes with sufficient historical depth to pro-
duce stable quantile estimates—smaller windows risk volatil-
ity caused by single-period outliers, while larger windows di-
lute sensitivity to emerging trends. We define the following
bands:

SSi ≤ q25,i ⇒ Low (net damage),
q25,i < SSi < q75,i ⇒ Neutral (empirical saturation),
SSi ≥ q75,i ⇒ High (efficient).

This choice reduces arbitrariness and adapts the thresholds
to the observed system dynamics, preserving the semantic
interpretation of SSi around the neutral point 0.5. Figure 4
depicts three scenarios as containers with liquid, where the
volume of liquid represents the magnitude of Total Variation
(TVi)—larger volumes indicate more intense architectural
change. Color intensity (or shading) reflects the efficiency
ratio (Ei), with darker tones indicating negative efficiency
(net damage) and lighter or more saturated colors represent-
ing positive efficiency (net improvement).
The three zones are visually distinguished: the Low zone

(SSi ≤ q25,i) corresponds to periods in which structural
change predominantly causes degradation (net damage), of-
ten visualized with darker, turbulent liquid; theNeutral zone
(q25,i < SSi < q75,i) represents empirical saturation, where
change produces neither consistent improvement nor damage
(balanced churn); and theHigh zone (SSi ≥ q75,i) indicates
efficient change, where the observed variation translates into
net architectural improvement. The integrated worked exam-
ple below operationalizes this visual metaphor using the time
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Figure 4. Illustration of empirical saturation zones based on the Saturation Score (SS). The volume of liquid represents Total Variation (T V ), while color
intensity reflects efficiency. Rolling quantile-based thresholds (q25,i, q75,i) define the formal score bands used for regime classification.

series extracted from the industrial study to illustrate regime
classification in a real-world scenario.
Given the granularity proxy CNSi (number of services

in period i), we classify the system into qualitative regimes
based on the trend of CNS and the calibrated bands of SS,
subject to the evidence floor TVi ≥ τi.
Table 4 summarizes the classification rules and associated

advisory actions. These rules combine the availability of his-
torical calibration data, the direction of granularity change
(CNSi ↑, CNSi ↓, or CNSi =), and the Saturation Score
bands (high, neutral, low) to produce the regime states used
by Granulify.

3.5 Integrated Worked Example

To make the calculation concrete, consider the transition
from May 2024 to June 2024 in the industrial time series
reported in Table 6. The cumulative number of services in-
creased from CNS = 54 to CNS = 56, so the period is
evaluated as a decomposition event.
For metrics whose increase is undesirable (pj = −1), such

as DS, EV, CHURN, CFR, CS_DENS, CC_DENS, KCOST,
and HRISK, decreases produce positive variation; for TC
(pj = +1), increases produce positive variation. For exam-
ple, the improvement in effort variance is computed as:

rEV,Jun = −1 · 1.944 − 3.520
3.520

= +0.448 (11)

Applying the same polarity-adjusted calculation to the nine

metrics for June 2024 yields:

rDS = +0.028, rEV = +0.448,
rCHURN = +0.700, rCFR = +0.584,
rTC = −0.022, rCS_DENS = −0.060,
rCC_DENS = +0.065, rKCOST = −0.063,
rHRISK = +1.000.

Step 2 aggregates these metric-level variations within each
indicator using the median, producing the indicator-level
variations reported in Table 6:

rI1 = median(0.028, 0.448) ≈ 0.238,

rI2 = median(0.700, 0.584) ≈ 0.641,

rI3 = median(−0.022, −0.060, 0.065) ≈ −0.022,

rI4 = median(−0.063, 1.000) ≈ 0.468.

Steps 3 and 4 then aggregate the per-indicator variations into
NB, TV , and SS:

NBJun = median(0.238, 0.641, −0.022, 0.468)

= 0.238 + 0.468
2

≈ 0.35,

TVJun = median(0.238, 0.641, 0.022, 0.468)

= 0.238 + 0.468
2

≈ 0.35,

EJun = clip
(

0.35
0.35

, −0.99, +0.99
)

= 0.99,

SSJun = 0.99 + 1
2

= 0.995 ≈ 0.99.

For June 2024, the rolling calibration values are τi = 0.12,
q25,i = 0.14, and q75,i = 0.56. Since TVi = 0.35 ≥ τi,
SSi = 0.99 ≥ q75,i, and CNSi increased, Table 4 classifies
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Table 4. Instantaneous regime classification and advisory actions per period using the Saturation Score SSi, with arrows indicating increase
(↑) or decrease (↓) in granularity (CNSi), subject to the period-specific evidence floor (T Vi ≥ τi).

Observed Condition Regime Interpretation Advisory Action

Insufficient prior observations
in Wi

Insufficient Calibration History: The period
contributes to future calibration, but no actionable
regime is assigned.

Accumulate historical observations; defer
structural intervention until sufficient calibration
history is available.

T Vi < τi Low Evidence / Stable: The observed structural
variation is insufficient to sustain a reliable
ratio-based interpretation; no saturation regime is
assigned.

Maintain current boundaries and reassess in the
next cycle.

CNSi = No Change: No change in the number of services
occurred in the current period; dimensional
variation is monitored, but no splitting/merging
regime is assigned.

Continue monitoring dimensional variation; no
splitting or merging action is indicated.

CNSi ↑, SSi ≥ q75,i Efficient Decomposition: A granularity increase
in the current period is associated with
predominantly positive Net Benefit per unit of
structural change.

Continue the current decomposition strategy; no
immediate intervention is required.

CNSi ↑, q25,i < SSi < q75,i Empirical Saturation (Plateau): Granularity
continues to increase, but no observable Net
Benefit is achieved relative to the induced change
intensity.

Pause further fragmentation; investigate whether
pending splits deliver clear bounded value before
proceeding.

CNSi ↑, SSi ≤ q25,i Over-Decomposition (Net Damage): A
granularity increase in the current period is
associated with net degradation, suggesting
possible over-decomposition.

Evaluate service merges; prioritize candidates
with high coupling or shared data access across
boundaries.

CNSi ↓, SSi ≥ q75,i Efficient Consolidation: A granularity reduction
is associated with positive Net Benefit per unit of
structural change.

Continue consolidation; monitor to avoid
under-decomposition.

CNSi ↓, SSi ≤ q25,i Harmful Consolidation: Consolidation in the
current period is associated with net degradation.

Stop consolidation; review whether merged
boundaries are causing bottlenecks or increased
coordination cost.

the period as Efficient Decomposition. The same calculation
pipeline produces different regime interpretations across the
longitudinal sequence, as summarized in Table 5.
The example shows how Granulify separates three con-

cerns that are frequently conflated in granularity decisions:
the amount of observed change (TV ), the direction of its sys-
temic effect (NB and SS), and the architectural meaning of
that effect given the service count trend (CNS).
This is why a period with increasing granularity can in-

dicate either efficient decomposition or over-decomposition,
depending on whether the induced variation translates into
positive Net Benefit.
The final output of the Granularity Saturation Method is

the Granularity Saturation Signal, a time series of regime
classifications for each observation period i. For each period,
the signal assigns one of the regime values detailed in Table 4,
which are determined by the availability of historical calibra-
tion data, the Saturation Score zone (SSi relative to q25,i and
q75,i), the evidence floor τi, and the direction of granularity
change (CNSi ↑, CNSi ↓, or CNSi =). The same table
also reports the advisory action associated with each regime.
The signal structure enables longitudinal analysis by track-

ing regime transitions over time. For example, a sequence

Efficient Decomposition → Empirical Saturation → Over-
Decomposition would indicate progressive degradation as
fragmentation increases, signaling the need to stop further de-
compositions or initiate consolidation. Conversely, sustained
Efficient Decomposition regimes confirm that granularity ad-
justments continue to deliver net architectural benefits.
This temporal regime classification serves as a diagnostic

tool for informing architectural decision-making, indicating
whether current granularity adjustments are producing bene-
ficial outcomes or whether saturation effects are manifesting.

3.6 Decision Support

Granulify was designed as a decision support tool, not as
an automation mechanism. Splitting, merging, and reorgani-
zation decisions remain the responsibility of the architecture
team, which contextualizes the method’s quantitative signals
with organizational constraints, such as team topology, busi-
ness priorities, deployment risk, and migration roadmap.
The saturation signal is reviewed in monthly architecture

meetings, where the team interprets the regime classification
together with qualitative observations from sprint retrospec-
tives before committing to any structural change. When a
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Table 5. Integrated worked example of regime classification across selected periods of the industrial time series. Source: the authors’ own
work.

Period CNS NB/TV/SS Band Test Regime Interpretation

Feb 2024 ↑ -0.12 / 0.12 / 0.01 T Vi ≥ 0.11; SSi ≤ 0.24 Over-decomposition: produced net damage.
… … … … …
Jun 2024 ↑ 0.35 / 0.35 / 0.99 T Vi ≥ 0.12; SSi ≥ 0.56 Efficient decomposition: produced positive net benefit.
Jul 2024 ↑ 0.01 / 0.17 / 0.54 T Vi ≥ 0.12; 0.24 < SSi < 0.78 Empirical saturation: yielded limited net benefit.
… … … … …
Sep 2024 ↓ 0.37 / 0.37 / 0.99 T Vi ≥ 0.14; SSi ≥ 0.67 Efficient consolidation: improved the system.

regime justifies action, the decision and its rationale are doc-
umented in an Architecture Decision Record (ADR), closing
the feedback loop with the macroprocess described in Sec-
tion 3.1.
Each regime carries an implicit architectural recommenda-

tion, as summarized in Table 4. These recommendations are
advisory: the team may choose to defer action based on con-
text (e.g., an ongoing production freeze, team capacity con-
straints), but the regime provides a structured starting point
for discussion.
When Net Benefit (NBi) is negative, the per-indicator

variations—rI1 (I1 — Team Efficiency), rI2 (I2 — Delivery
Quality), rI3 (I3 — Code Technical Health), and rI4 (I4 —
Operational Risk)—identify which indicator drove the degra-
dation, enabling root-cause reasoning rather than treating all
negative signals uniformly:

• A strongly negative rI1 (I1—TeamEfficiency) signals
planning inefficiency: actual effort is diverging signifi-
cantly from estimates, often a symptom of unclear ser-
vice boundaries leading to coordination overhead across
teams. The team should review whether Effort Variance
(EV) and Developer Density (DS) point to services that
require disproportionate maintenance relative to their
scope.

• A strongly negative rI2 (I2 — Delivery Quality)
with an overall negative NB suggests that the current
granularity level is producing deployment instability—
artifacts too independent to coordinate safely. The rec-
ommended focus is on reducing change failure rates
(CFR) and change volume (CHURN), which may indi-
cate premature decomposition of services that remain
strongly coupled at the data or API layer.

• A strongly negative rI3 (I3—Code Technical Health),
in isolation, is typically less actionable at the bound-
ary level, as it frequently reflects accumulated technical
debt within services rather than boundary misalignment.
However, when combined with negative rI1 or rI2, it
may indicate services whose scope has grown too broad.

• A strongly negative rI4 (I4 — Operational Risk) indi-
cates that infrastructure costs or high-risk change rates
are scaling beyond the baseline trend. This may re-
flect over-provisioned services or services whose de-
ployment frequency is causing elevated incident expo-
sure.

When multiple indicators are simultaneously negative, the
team prioritizes the indicator with the largest absolute vari-
ation, as it represents the strongest systemic signal in that

observation cycle. In cases where indicators conflict—one
positive, another negative—the overall NB signal governs
whether intervention is warranted, while the per-indicator
breakdown informs which aspect of the architecture to ad-
dress first.
The next section presents the research method and indus-

trial study design that grounded this approach.

4 Research Method
In the previous section, we presented Granulify as a prescrip-
tive method for continuous microservice granularity manage-
ment, detailing its central artifacts and decision-making pro-
cess. In this section, we describe the research methodology
that underlies the development and evaluation of Granulify
in a real industrial context.
This study followed Design Science Research (DSR) as

an industry-oriented methodological approach for designing,
refining, and evaluating Granulify. We consider DSR ap-
propriate because our goal is not merely to explain a phe-
nomenon, but also to construct an actionable solution and
evaluate its utility in a real context Dresch et al. (2020).
We operationalized DSR through Action Research Avi-

son et al. (1999) conducted in a large-scale industrial plat-
form. Action research is appropriate when the researcher ac-
tively participates in organizational change while systemati-
cally studying the intervention process Dresch et al. (2020).
In our context, the first author assumed the role of lead

architect, enabling both active contribution to granularity de-
cisions and systematic observation of how the Granulify ap-
proach influenced architectural evolution in practice.
In the following subsections, we detail the guiding hy-

potheses that drive the empirical investigation and the study
design, including the definition of the unit of analysis, the
observation period, the participants and roles involved, the
data sources, and the triangulation procedure to mitigate bi-
ases and strengthen the validity of the results.

4.1 Guiding Hypotheses
In order to guide the empirical investigation, we formulated
two hypotheses that reflect the underlying assumptions about
the need for a systematic approach to microservice granular-
ity management:

• HB1 (Diagnostic): In the absence of systematic gran-
ularity management mechanisms, microservice bound-
aries tend to evolve in an ad hoc manner, which likely
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degrades architectural quality and increases mainte-
nance and operational load over time.

• HB2 (Intervention): The introduction of systematic,
evidence-based practices for assessing and adjusting
granularity improves architectural quality and maintain-
ability, by enabling more informed splitting/merging de-
cisions.

These hypotheses are explored through longitudinal indica-
tors already available in the organization, covering service
count dynamics (e.g., NSt), delivery effort and planning sta-
bility (e.g., AE and EV), change intensity and code charac-
teristics (e.g., NC, FC, KLOC, and CC), quality and risk-
reduction signals (e.g., TC), and infrastructure cost (Cost).
Furthermore, we analyze granularity saturation signals using
the dedicated Granularity Saturation Method (GSM) to iden-
tify variation and magnitude patterns as granularity evolves.

4.2 Study Design
The research was conducted in a large-scale investment man-
agement platform belonging to one of Brazil’s largest private
financial institutions. The platform manages more than 40
million monthly transactions and serves more than 250,000
internal users in the investment, compliance, and trading do-
mains.
This context was particularly suitable for the development

and evaluation of Granulify due to the ongoing monolith-to-
microservices migration and the recurring challenges faced
by teams in defining and revising service boundaries over
time.
We executed the research in iterative cycles in which

(i) Granulify’s artifacts and decision criteria were refined,
(ii) monthly indicators were collected from organizational
repositories, and (iii) the results were interpreted with practi-
tioner participation to support boundary assessment and ad-
justment.
To avoid temporal leakage, regime classification followed

the lagged rolling protocol defined in 3.3.5, such that each
monthly observation was classified only with thresholds cal-
ibrated from prior observations.

4.2.1 Unit of Analysis

The primary unit of analysis is the evolution of the platform’s
microservice architecture during a modernization initiative,
with emphasis on granularity-related decision-making and its
observable effects across multiple dimensions (architectural
structure, development effort, operational change, code char-
acteristics, and infrastructure cost).
Concretely, we focus on three groups of critical capabil-

ities migrated by the observed team: Financial Instruments
Management, Investment Positions Management, and Invest-
ment Portfolio Management 6.
These capabilities were progressively decomposed into

microservices as part of the institution’s ongoing moderniza-
tion initiative, enabling longitudinal observation of fragmen-

6The original business capability names were replaced with terms
from the BIAN (Banking Industry Architecture Network) model—https:
//bian.org

tation and consolidation patterns under real organizational
constraints.
Originally designed to support a limited daily transaction

load, the institution’s Asset Management System evolved to
meet the growing demands of the investment sector. Initially
monolithic, the architecture was progressively fragmented
to meet scalability, maintainability, robustness, and business
alignment requirements.
Throughout this process, the team faced the practical re-

ality that there are few established patterns for determin-
ing how granular a microservice should be. The resulting
challenges, related to productivity and operational costs,
make this trajectory particularly suitable for motivating and
grounding the proposed continuous granularity management
approach.

4.2.2 Observation Period

The analyzed period spans from September 2023 to Septem-
ber 2024, during which the institution executed a new migra-
tion phase to further modernize the system. This interval en-
ables us to capture architectural changes before and after the
system entered sustained production use, allowing temporal
comparison across monthly observation cycles.
The monthly observation frequency was defined by this

study to balance temporal granularity with data collection
feasibility. Monthly snapshots provide sufficient resolution
to capture architectural evolution patterns and team adapta-
tion dynamics, while avoiding excessive measurement over-
head.
This cadence proved adequate for observing significant

changes in service granularity, development effort, and op-
erational metrics following architectural decisions.

4.2.3 Participants and Roles

The modernization effort involved 3 cross-functional teams,
each composed of 5 members, including software engineers,
quality assurance specialists, and a technical lead. Collec-
tively, approximately 15 professionals contributed to the plat-
form’s evolution during the observed period, with team size
varying from 10 to 15 members depending on migration ca-
pacity.
The first author served as the lead architect responsible for

granularity decisions, having direct access to architectural
decision-making processes, sprint planning sessions, and ret-
rospective meetings. This role enabled continuous observa-
tion of granularity-related challenges, systematic collection
of engineering metrics, and active participation in design dis-
cussions. The embedded position facilitated data triangula-
tion, combining participant observation with access to the
quantitative and qualitative sources described below.
Qualitative interpretation was based on architecture re-

view discussions that were already part of the team’s normal
governance practice, rather than on interviews created specif-
ically for the study. These discussions involved the lead ar-
chitect, technical leads, and senior team members, and were
reviewed quarterly using the monthly checkpoints as input.
The quantitative signals produced by Granulify were used

to challenge and refine the team’s existing interpretation of

https://bian.org
https://bian.org
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architectural conditions, rather than to replace practitioner
judgment. When quantitative signals and team perception di-
verged, the team performed root-cause analysis, created in-
vestigation items, and validated the interpretation with tech-
nical leads before using the evidence to support boundary
decisions.

4.2.4 Data Sources

Metrics were collected through dedicated organizational tool-
ing across all five measurement dimensions. Code quality
metrics (TC, CS, CC, KLOC) were obtained from Sonar-
Qube, which was integrated into the organization’s CI/CD
pipeline and configured to run for each pull request and as
part of nightly builds. Deployment metrics (CHURN, CFR)
were derived from GitHub Actions execution logs combined
with AWS CloudWatch event streams, which captured all
deployment events and failure incidents. Development met-
rics (DS, EV) were extracted from ServiceNow, the orga-
nization’s service management platform, using sprint-level
records of estimated and actual working days per team. In-
frastructure cost metrics (KCOST, HRISK) were obtained
from AWS Cost Explorer using service-level cost allocation
tags maintained in the cloud billing system. Architectural
metrics (NS, CNS) were tracked manually from service in-
ventories updated at each architecture review meeting.
Qualitative evidence was collected from governance arti-

facts already used by the team, including architecture review
discussions, revised architecture diagrams, Architecture De-
cision Records (ADRs), technical debt records, and back-
log decisions. These qualitative sources were not used to
compute the quantitative indices (NB, TV , or SS). Instead,
they supported the interpretation of regime classifications,
helped challenge quantitative signals against practitioner per-
ception, contextualized splitting/merging/consolidation deci-
sions, and provided traceability for actions resulting from re-
view discussions.

4.2.5 Measurement Pipeline

Raw metric data were collected through the public APIs of
each source tool at the end of eachmonthly observation cycle.
The extracted datasets were ingested into an AWSAthena an-
alytical environment, where they were partitioned by sprint
date and by project, establishing a single source of truth for
all quantitative analyses reported in this paper and enabling
consistent queries across periods without data leakage be-
tween observation windows.
Before analysis, each monthly snapshot underwent a two-

step normalization procedure: (i) structural normalization, in
which size-dependent metrics (CS, CC, KLOC) were con-
verted to density measures (CS_DENS, CC_DENS), en-
abling fair comparison across periods regardless of system
growth; and (ii) temporal alignment, in which ServiceNow
sprint boundary timestamps were used to align effort and
change records to the corresponding calendar month, resolv-
ing cases where sprints crossed month boundaries.
Records with missing values (occurring in three isolated

instances due to tooling configuration gaps at the beginning
of the observation period) were excluded from the dimen-

sional classification calculation for that period, rather than
imputed, preserving measurement integrity. The complete
extraction, integration, and normalization cycle required ap-
proximately 8 hours of senior engineering effort per month.

4.2.6 Triangulation Procedure

Here the term “triangulation” is used to describe the pro-
cess of integrating and challengingmultiple evidence sources
(quantitative and qualitative) to strengthen the validity of
granularity-related interpretations and decisions.
This process followed a recurring review protocol aligned

with the monthly measurement cycle. First, Granulify pro-
duced quantitative signals from the monthly snapshot, in-
cluding dimensional classifications, Net Benefit (NB), To-
tal Variation (TV ), Saturation Score (SS), and the resulting
regime classification.
These signals were computed before qualitative interpreta-

tion and were not manually adjusted during the review. Sec-
ond, the monthly signals were presented at architecture re-
view checkpoints and consolidated quarterly with the lead
architect, technical leads, and senior team members.
In these reviews, the team compared three layers of evi-

dence: (i) the quantitative behavior observed in Granulify’s
indicators; (ii) the practitioners’ interpretation from architec-
ture review discussions; and (iii) the governance artifacts de-
scribed in the data sources.
Agreement across these layers strengthened the interpre-

tation of a regime as an actionable architectural condition.
Divergence between quantitative signals and team percep-
tion triggered root-cause analysis, creation of an investiga-
tion item, and validation with technical leads before the in-
terpretation was used to support a boundary decision.

4.2.7 Bias Mitigation

We mitigated biases through (i) triangulation across inde-
pendent organizational sources (engineering, delivery, oper-
ations, and finance); (ii) consistent monthly snapshots over
a pre-defined time interval; and (iii) involvement of multiple
technical roles in qualitative classification and interpretation
activities to reduce single-observer bias. Additionally, since
metric extraction relied on existing organizational APIs and
dashboards rather than manual observation, the risk of selec-
tive data capture was structurally reduced.

5 Results and Discussion
This section presents the results of applying the Granulify
method in the industrial case study described in Subsec-
tion 4.2. The analysis is structured in three main parts: (i)
an overview of the collected data and the observation period;
(ii) a detailed analysis of the granularity saturation signals
identified over time using the method; and (iii) an evaluation
of the diagnostic and intervention hypotheses formulated in
Section 4 in light of the observed results. Finally, we discuss
the practical implications of these results for granularity man-
agement in microservice systems and the lessons learned for
future research and applications of the Granulify method.
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5.1 Data Overview and Observation Period
The application of the method can be understood in two dis-
tinct phases, each with specific characteristics and objectives.
The initial retrospective analysis phase (September 2023–
February 2024) focused on collecting and analyzing histori-
cal data already available through the existing observability
infrastructure. This phase enabled us to establish a baseline
for the architectural, development, deployment, code analy-
sis, and operational metrics, as well as for the composite in-
dicators used in the variation analysis.
During this phase, the systemwas in a pre-production state,

meaning that teams had more freedom to experiment with
granularity adjustments without the operational constraints
typical of a production environment. This resulted in a higher
frequency of granularity changes, reflected in more volatile
variations in the composite indicators.
In the subsequent prospective continuous monitoring

phase (March 2024–September 2024), the focus shifted to
observing the effects of granularity changes in real time, as
the system evolved and approached production. In this phase,
teams began to adopt a more structured approach to granular-
ity management, using the signals generated by the Granulify
method to guide their decisions.
This timeline allowed us to compare pre-production

patterns—characterized by frequent exploratory
decomposition—with production-constrained patterns,
in which consolidation and stability concerns became more
prominent.
Figure 5 summarizes the observation timeline, highlight-

ing the retrospective and prospective phases, the production
transition, the monthly regime classifications, and the main
architectural decision points discussed in the architecture re-
view checkpoints.
Table 6 presents the monthly values of the collected met-

rics, together with the indicator-level variations computed
from these metrics. The metrics are organized across the ar-
chitectural (NS, CNS), development (DS, EV), deployment
(CHURN,CFR), code analysis (TC, CS_DENS, CC_DENS),
and operational (KCOST, HRISK) dimensions.
Each indicator-level variation column (rI1, rI2, rI3, and

rI4) is positioned within the dimension of its respective
composite indicator—I1 — Team Efficiency, I2 — Deliv-
ery Quality, I3 — Code Technical Health, and I4 — Opera-
tional Risk, as defined in Section 3.2.5—making explicit the
link between the collected metrics and the composite man-
agement signals.
The architectural metrics (NS and CNS) serve as contex-

tual proxies for the granularity level, but do not form part of
any indicator and are not included in the variation analysis
to avoid circular reasoning (using the granularity change to
predict itself). The first monthly snapshot is used as the refer-
ence baseline and therefore has no indicator-level variation
computed.

5.2 Signal Processing andGranularity Satura-
tion Analysis

As defined in 3.2.5, Granulify organizes metrics into four
composite indicators used for variation analysis: I1 — Team

Efficiency (Development), I2 — Delivery Quality (Deploy-
ment), I3 — Code Technical Health (Code Analysis), and I4
— Operational Risk (Operational).

The architectural metrics (NS and CNS) are excluded from
the variation analysis to avoid circular reasoning—using the
granularity change (CNS) to predict the effects of the gran-
ularity change would create a tautological measurement arti-
fact.
For each monthly observation period after the Septem-

ber 2023 baseline, we computed the indicator-level varia-
tions rI1 (I1), rI2 (I2), rI3 (I3), and rI4 (I4), applying the
metric-level variation and indicator-level aggregation steps
described in 3.3.2 and 3.3.3. These variations are reported
alongside their component metrics in Table 6.
After obtaining the indicator-level variations, we com-

puted the Net Benefit (NB) and Total Variation (TV) indices
for each period using the methodology described in 3.3.4
and 3.3.5. From these indices, we derived the Saturation
Score (SS) for each observation period.
Regime classification followed the lagged rolling calibra-

tion protocol defined in 3.3.5. The main configuration used
w = 12 and nmin = 3, such that the initial months con-
tributed to calibration but were not interpreted as actionable
granularity regimes.
Table 7 consolidates the observed indices, the period-

specific calibration thresholds used in the main configura-
tion, and the regime classifications obtained under alterna-
tive calibration windows. The w = 12 column represents
the main interpretation used in this study, while w = 3 and
w = 6 are sensitivity checks with shorter historical horizons.
The shorter windows are not competing final results; they

indicate how the diagnosis would change if the method pri-
oritized more recent observations. In practical terms, w = 3
represents a more reactive, but less stable, calibration;w = 6
provides an intermediate horizon; andw = 12 smooths short-
term fluctuations by using the longest monthly history avail-
able in this dataset.
This sensitivity comparison helps assess whether the ob-

served regimes depend excessively on a single calibration
choice. Agreement across w = 3, w = 6, and w = 12 in-
dicates more robust regime signals, while disagreement indi-
cates that the diagnosis is sensitive to the calibration horizon
and should be interpreted conservatively.
For example, the windows agree on Low evidence/stable

for January, Efficient decomposition for April and June, and
Efficient consolidation for September. In contrast, February,
July, and August show disagreement across windows, indi-
cating that the over-decomposition and empirical saturation
signals in those months should be interpreted cautiously, as
they depend on the calibration history considered.
These stable classifications provide stronger evidence that

the corresponding architectural events are not artifacts of the
selected w = 12 window. The main sensitivity appears at
the degradation/saturation boundary: with w = 6, August
2024 becomes Over-decomposition instead of Empirical sat-
uration; with w = 3, February, July, and August are treated
as Low evidence/stable. Therefore, we conservatively inter-
pret July–August 2024 as a saturation/degradation warning
region, treating the exact boundary between empirical satu-
ration and over-decomposition as window-sensitive.
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Figure 5. Longitudinal timeline of the Granulify observation period, showing the retrospective analysis phase, the prospective continuous monitoring phase,
the production transition, the monthly regime classifications, and the main architectural decision points. Source: the authors’ own work.

5.3 Diagnostic Hypothesis Evaluation
In this section, we evaluate HB1 (Diagnostic) in light of the
results of the granularity saturation analysis. HB1 proposes
that, in the absence of systematic granularity management
mechanisms, microservice boundaries evolve in an ad hoc
manner, producing degradation signals in the number of ser-
vices, planning stability, deployment activity, code charac-
teristics, and operational cost.
To evaluate this hypothesis, we examined the variation pat-

terns in the composite indicators and regime classifications
throughout the retrospective period, seeking degradation sig-
nals associated with ad hoc granularity evolution. This ret-
rospective analysis revealed that between September 2023
and February 2024 the system underwent several granularity
adjustments without a structured approach:

• September 2023:with 43 cumulative microservices (as
shown in Table 6), the system was in a pre-Granulify
state, serving as the initial reference point for subse-
quent variation analysis;

• October–December 2023: these months showed neg-
ative and unstable variation patterns, including ele-
vated planning inefficiency and code smell density, but
the rolling calibration protocol classified them as hav-
ing Insufficient calibration history because fewer than
nmin = 3 prior monthly variation observations were
available. Therefore, they provided data for subsequent
calibration rather than supporting actionable regime
claims;

• January 2024: the system was classified as Low evi-
dence/stable, with a slightly positive Net Benefit (NB
= 0.01), Total Variation of 0.12, and Saturation Score
of 0.55, suggesting that the structural variation was

not strong enough to sustain an actionable saturation
regime;

• February 2024: the first actionable degradation sig-
nal emerged when the system was classified as Over-
decomposition. This period combined an increase in cu-
mulative services (CNS= 51), negativeNet Benefit (NB
= -0.12), low Saturation Score (SS = 0.01), the highest
change volume in the retrospective period (CHURN =
51), low planning efficiency (EV = 3.483), a peak infras-
tructure cost of $45k, and the first occurrence of high-
risk changes (HRISK = 3.85). Together, these signals
indicate that continued fragmentationwas no longer pro-
ducing proportional architectural benefit.

The saturation signals identified during this retrospec-
tive analysis were validated against the qualitative evidence
described in Section 4.2.6. For February 2024, the Over-
decomposition regime coincided with practitioner concerns
about deployment pressure, increased coordination overhead,
and escalating costs, supporting the interpretation that the ar-
chitecture had reached a degradation point associated with
ad hoc decomposition.
This supports HB1 by indicating that systematic granular-

ity mechanisms can detect degradation patterns once suffi-
cient historical evidence has been accumulated, avoiding the
post-hoc interpretation of early periods that lack sufficient
calibration history.

5.4 Intervention Hypothesis Evaluation
In this section, we evaluate HB2 (Intervention) in light of
the results of the granularity saturation analysis and the asso-
ciated qualitative evidence. HB2 proposes that the introduc-
tion of a systematic granularity management method, such
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Table 6. Collected metrics and indicator-level variations over time. Source: the authors’ own work.

Architectural Development Deployment Code Analysis Operational
Period CNS DS EV rI1 CHURN CFR rI2 TC CS_DENS CC_DENS rI3 KCOST HRISK rI4

2023-09 43 ↑ 0.391 2.142 – 22 0.00 – 89% 8.811 0.486 – 18 0.00 –
2023-10 44 ↑ 0.375 2.889 -0.153 28 3.12 -0.136 89% 9.325 0.450 -0.001 17 0.00 0.027
2023-11 45 ↑ 0.375 2.645 0.042 41 7.69 -0.964 88% 12.738 0.405 -0.003 31 0.00 -0.411
2023-12 48 ↑ 0.346 4.541 -0.319 14 0.00 0.829 90% 10.830 0.404 0.016 35 0.00 -0.064
2024-01 50 ↑ 0.333 2.873 0.202 21 4.76 -0.250 92% 7.551 0.388 0.039 36 0.00 -0.014
2024-02 51 ↑ 0.333 3.483 -0.106 51 3.85 -0.618 90% 7.320 0.380 0.020 45 3.85 -0.125

In production
2024-03 51 = 0.333 3.195 0.041 39 7.89 -0.407 90% 7.615 0.365 -0.003 34 2.63 0.280
2024-04 54 ↑ 0.300 2.457 0.165 24 8.33 0.164 90% 8.019 0.352 0.002 40 0.00 0.411
2024-05 54 = 0.281 3.520 -0.184 40 20.00 -1.033 90% 7.864 0.339 0.019 63 2.50 -0.287
2024-06 56 ↑ 0.273 1.944 0.238 12 8.33 0.641 88% 8.333 0.317 -0.022 67 0.00 0.468
2024-07 57 ↑ 0.303 2.972 -0.319 12 0.00 0.500 89% 8.723 0.308 0.011 65 30.77 0.014
2024-08 62 ↑ 0.303 3.598 -0.105 06 0.00 0.250 88% 8.739 0.304 -0.001 56 60.00 -0.405
2024-09 60 ↓ 0.303 1.303 0.319 01 5.33 0.417 90% 8.076 0.303 0.020 50 8.31 0.484

Table 7. Granularity regime classification, rolling calibration thresholds, and window sensitivity. Source: the authors’ own work.

Period CNS NB TV SS |Wi| τi q25,i q75,i w = 3 (check) w = 6 (check) w = 12 (main)

2023-10 44 ↑ -0.07 0.08 0.08 00 – – – Insuf. calib. history Insuf. calib. history Insuf. calib. history
2023-11 45 ↑ -0.21 0.23 0.04 01 – – – Insuf. calib. history Insuf. calib. history Insuf. calib. history
2023-12 48 ↑ -0.02 0.19 0.44 02 – – – Insuf. calib. history Insuf. calib. history Insuf. calib. history
2024-01 50 ↑ 0.01 0.12 0.55 03 0.14 0.14 0.34 Low evid./stable Low evid./stable Low evid./stable
2024-02 51 ↑ -0.12 0.12 0.01 04 0.11 0.24 0.49 Low evid./stable Over-decomposition Over-decomposition

In production
2024-03 51 = 0.02 0.16 0.56 05 0.12 0.03 0.47 No change No change No change
2024-04 54 ↑ 0.16 0.16 0.99 06 0.12 0.34 0.55 Efficient decomp. Efficient decomp. Efficient decomp.
2024-05 54 = -0.24 0.24 0.01 07 0.12 0.44 0.56 No change No change No change
2024-06 56 ↑ 0.35 0.35 0.99 08 0.12 0.14 0.56 Efficient decomp. Efficient decomp. Efficient decomp.
2024-07 57 ↑ 0.01 0.17 0.54 09 0.12 0.24 0.78 Low evid./stable Empirical sat. Empirical sat.
2024-08 62 ↑ -0.05 0.18 0.35 10 0.13 0.24 0.78 Low evid./stable Over-decomposition Empirical sat.
2024-09 60 ↓ 0.37 0.37 0.99 11 0.14 0.27 0.67 Efficient consol. Efficient consol. Efficient consol.

as Granulify, can support more informed splitting/merging
decisions, helping architecture teams to reason about archi-
tectural quality and to identify signals of efficient decompo-
sition, operational stress, empirical saturation, and consolida-
tion opportunity.
In the prospective period, these signals were discussed

at architecture review checkpoints and linked to recorded
boundary decisions. These findings support the hypothesis
that systematic granularity management is associated with a
more structured decision-making process, as reflected in the
improved metrics and reduced risk signals during the inter-
vention period. From March 2024 to September 2024, Gran-
ulify was used to support proactive granularity assessment:

• March 2024: with no new services added (CNS = 51),
the system was classified as No change, with modest
positive indicators (NB = 0.02, TV = 0.16, SS = 0.56),
reflecting a stability period;

• April 2024: the addition of three microservices (CNS
= 54) was classified as Efficient decomposition (NB =

0.16, TV = 0.16, SS = 0.99), indicating that the decom-
position was associated with positive Net Benefit. In
this period, the team focused on internal application im-
provements, enhancing component reuse and optimiz-
ing internal processes, which may help explain the ob-
served positive growth;

• May 2024: a warning signal emerged: despite no struc-
tural changes (CNS = 54), the system exhibited negative
metrics (NB = -0.24, TV = 0.24, SS = 0.01), signaling
operational stress even though the period was classified
as No change;

• June 2024: with two additional services (CNS = 56),
the system was classified as Efficient decomposition
(NB = 0.35, TV = 0.35, SS = 0.99), indicating that the
actions taken after the May warning were followed by
a return to positive indicators;

• July 2024: the system transitioned to Empirical satura-
tion (NB = 0.01, TV = 0.17, SS = 0.54), reflecting a pe-
riod in which the benefits of additional decompositions
were approaching saturation;
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• August 2024: with five new services (CNS = 62), the
system remained in Empirical saturation (NB = -0.05,
TV = 0.18, SS = 0.35), indicating that additional frag-
mentation produced limited Net Benefit relative to the
structural variation introduced;

• September 2024: a strategic consolidation reduced the
number of services by two (CNS = 60) and was classi-
fied as Efficient consolidation, with strong positive in-
dicators (NB = 0.37, TV = 0.37, SS = 0.99). This move
was associated with improvement following the prior
saturation pattern.

The intervention evidence was also supported by qualita-
tive artifacts produced during the architecture review process.
The May 2024 warning triggered root-cause analysis, and
the July–August saturation pattern shifted the decision focus
from additional decompositions to boundary consolidation.
The September 2024 consolidation, which reduced the cu-

mulative number of services from 62 to 60 and was classified
asEfficient consolidation, represents the observable outcome
of this decision chain. In operational terms, this consolida-
tion was accompanied by a reduction in KCOST from $56k
in August 2024 to $50k in September 2024, an approximate
decrease of 10.7%.
According to the architecture review records, this re-

duction was largely associated with the decommissioning
of AWS resources linked to retired workloads, including
queues, Lambda functions, inactive service monitoring re-
sources, and database instances retired after consolidation.
The team also reused ECS capacity already running, rather

than provisioning additional instances. Therefore, we inter-
pret the KCOST improvement as supporting evidence for the
Efficient consolidation regime, avoiding the stronger claim
that the reduction in service count alone explains the entire
cost decrease.
This sequence is consistent with HB2 because it shows

Granulify being used as an intervention support mechanism,
rather than merely as a measurement instrument. The transi-
tion from Empirical saturation in July–August 2024 to Effi-
cient consolidation in September 2024 thus provides longitu-
dinal evidence that systematic granularity management can
support boundary decisions in an industrial context.

5.5 Threats to Validity

We have presented the results and discussion of the granu-
larity saturation analysis, evaluating the diagnostic and in-
tervention hypotheses. However, it is important to acknowl-
edge the threats to validity that may affect the interpretation
of these results.
Identifying and analyzing threats to validity are essential

to ensure the reliability of the results and the generalizabil-
ity of this research. According to the taxonomy proposed by
Wohlin et al. (2012), threats are grouped into four categories:
construct validity, internal validity, conclusion validity, and
external validity. Each category is discussed below, together
with the mitigation strategies adopted in the context of this
study.

5.5.1 Construct Validity

Construct validity concerns the extent to which the oper-
ational measures accurately represent the theoretical con-
structs they intend to measure. In the case ofGranulify, there
is a risk that the metrics and instruments used—such as the
Granularity Classification Spectrum and the Granularity Sat-
uration Method—do not fully capture the phenomena of soft-
ware evolution and modifiability. Additionally, the complex-
ity of the method may lead to low adoption by teams.
To address these concerns, we employed metrics widely

recognized in the software engineering literature, sought
feedback on the artifacts from experts in the studied organi-
zation, and triangulated the quantitative indicators with the
qualitative evidence described in Section 4.2.6. This triangu-
lation was used to strengthen the interpretation and traceabil-
ity of architectural decisions; it was not used to recalibrate
the quantitative indicators or to claim independent ground
truth for each regime. In future research, automation and the
creation of supporting tooling will also be explored to sim-
plify the application of the process and expand its practical
applicability.

5.5.2 Internal Validity

Internal validity is related to the causal relationship between
the observed variables, considering that the results could
have been influenced by external factors, such as organiza-
tional changes, deadline pressures, the production transition,
or the natural evolution of systems. This threat is particularly
relevant because the study follows an action research design
in which the first author also served as the lead architect in-
volved in the intervention.
To reduce this risk, contextual conditions were docu-

mented throughout the observation period, metric extraction
followed a standardized monthly protocol, and interpretation
was discussed with technical leads and senior teammembers,
rather than relying on a single observer. The use of architec-
ture review artifacts also provided traceability between the
observed signals and subsequent decisions. However, we do
not claim that Granulify was the sole cause of the observed
improvements; instead, we interpret the results as evidence
that Granulify contributed to a more systematic decision-
making process.

5.5.3 Conclusion Validity

Conclusion validity refers to the degree to which the con-
clusions drawn from the data are statistically sound. In this
study, there is a risk that the observed relationships between
granularity management practices and system quality met-
rics are coincidental or influenced by confounding variables
not considered in the analysis. To reduce overfitting and tem-
poral leakage, threshold calibration was performed using a
lagged rolling window, ensuring that each period was classi-
fied using only information available before that period.
We also report a window sensitivity analysis to distin-

guish stable regime signals from classifications that depend
on the chosen calibration horizon. Qualitative triangulation
strengthens the plausibility and practical interpretation of the
findings, but does not eliminate the limitations imposed by
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the short time series and the single industrial context. There-
fore, the results are interpreted as initial longitudinal evi-
dence, rather than as definitive statistical validation.

5.5.4 External Validity

External validity is associated with the possibility of gener-
alizing the results to other organizational and technical con-
texts. Since the researchwas conducted in a single large bank,
there is a risk that its findings may not be directly applicable
to smaller organizations or other business domains. Based on
the operational requirements observed in this study, Gran-
ulify should therefore be considered applicable when four
minimum conditions are met:

• The system contains at least 10 independently deploy-
able services, or is in amigration stage expected to reach
that scale, such that changes in service boundaries pro-
duce observable granularity dynamics;

• An observability and engineering data stack is available,
covering at least repository, CI/CD, or deployment indi-
cators, code quality, planning/effort, and operational or
cost indicators;

• The release or review cadence is compatible with longi-
tudinal snapshots, with monthly snapshots used in this
study and equivalent per-release-cycle snapshots possi-
ble in other contexts;

• A cadenced architecture review forum exists to interpret
the quantitative signal, assess it against practitioner ev-
idence, and record boundary decisions.

Contexts below these conditions can still use the Granularity
Classification Spectrum qualitatively, but the GSM regime
classification should be treated as exploratory until the mea-
surement and governance base is established. To mitigate
this limitation, detailed documentation of the studied context
was carried out, facilitating replication by other researchers;
future studies in organizations with different characteristics
were planned; and open dissemination of the artifacts was
chosen, encouraging external evaluations and independent
comparisons.

6 Conclusion
This study presented Granulify, a comprehensive approach
for continuous granularity management in microservice ar-
chitectures. By integrating theoretical principles with practi-
cal processes and artifacts, Granulify enables development
teams to systematically monitor, assess, and adjust service
boundaries throughout the system lifecycle. The central com-
ponents of the approach, including the Granularity Classifi-
cation Spectrum and the Granularity Saturation Method, pro-
vide structured artifacts for diagnosing granularity levels and
evaluating the effectiveness of decomposition strategies.

6.1 Summary
The research was operationalized through longitudinal ac-
tion research in a large-scale financial services platform. The
study collected and analyzed metrics across the architectural,

development, deployment, code quality, and operational di-
mensions. The results provide initial longitudinal evidence
that the absence of continuous granularity management can
lead to challenges such as excessive fragmentation, increased
maintenance effort, and elevated operational costs.
Furthermore, the empirical study indicates that Granulify

can support the identification of granularity-related chal-
lenges and the distinction between calibration periods and
actionable saturation regimes. By employing quantitative in-
dicators such as Net Benefit, Total Variation, and the Satu-
ration Score, the approach provided insights that informed
architectural decisions, supporting teams in iteratively revis-
ing service boundaries in response to the system’s evolving
needs.

6.2 Main Contributions
This research contributes to bridging the gap between the
theoretical understanding and practical application of gran-
ularity management in microservices. Through longitudinal
action research in a financial institution, we showed how
Granulify can be operationalized to provide actionable in-
sights. The empirical evidence highlights the dynamic na-
ture of granularity and its multifaceted association with archi-
tectural stability, development effort, deployment frequency,
code quality, and operational costs. The main contributions
include the following:

• The development of theGranulify approach, which inte-
grates principles, processes, and artifacts for continuous
granularity management.

• The introduction of the Granularity Classification
Spectrum (GCS), a structured artifact for diagnosing
and categorizing granularity levels.

• The formulation of the Granularity Saturation
Method (GSM), which provides quantitative indica-
tors, such as the Saturation Score (SS), for monitoring
granularity dynamics and guiding adjustments.

• Initial empirical evidence through longitudinal action
research, demonstrating the practical applicability of
Granulify in a real-world context.

6.3 Study Limitations
This study presents some limitations. First, it was conducted
in a single organizational context, which may restrict the gen-
eralization of the results. Furthermore, the approach has not
yet been validated across multiple teams or in different do-
mains, a gap that will be addressed in the next phases of
the research. For these reasons, the findings should be re-
garded as indicative evidence; their generalizability depends
on replication across multiple domains and organizations.
Another limitation concerns the nature of the metrics used,
which, although widely recognized in the literature, may not
fully capture qualitative aspects, such as the subjective ex-
perience of teams or organizational factors that are not di-
rectly measurable. Triangulation with governance evidence
strengthened the interpretation and traceability of decisions,
but did not replace dedicated qualitative studies with broader
participant coverage.
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6.4 Future Work
In the next steps of this research, we expect this work not
only to deepen the understanding of how granularity affects
the evolution of microservice-based systems, but also to fos-
ter the development of more robust and adaptable methods
for architectural management in contemporary software en-
gineering. To this end, future work includes the following:

• Validating the Granulify approach in multiple industrial
contexts to assess its generalizability and adaptability.

• Extending Granulify by proposing tools for applying
the method in diverse industrial contexts, including dif-
ferent domains and organizational structures, with the
possibility of incorporating automation and explainable
analysis techniques in future versions.

• Conducting controlled experiments to isolate the effects
of specific granularity adjustments on system perfor-
mance and maintainability.

• Investigating the integration of Granulify with existing
DevOps and continuous delivery pipelines to facilitate
real-time granularity management.

Additionally, future work will extend the qualitative eval-
uation of granularity management through dedicated inter-
views and surveys with software teams, beyond the architec-
ture review discussions used in this study. The goal is to un-
derstand how factors such as team satisfaction, ownership
clarity, cognitive load, and organizational culture influence
and are influenced by granularity decisions. These insights
will complement the technical indicators and governance ar-
tifacts, offering a more holistic view of continuous granular-
ity management.
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A Appendix: Pseudocode

Algorithm A.1 summarizes the Granularity Saturation
Method (GSM) as an implementation-independent proce-
dure. The algorithm receives as input a matrix of raw met-
rics, metric polarities, a dimension mapping, and a lagged
calibration window, and returns the regime assigned to each
observed period after the reference baseline.

Signature.

Procedure GSM-Regime(X, G, P, M, w, nmin, Θ), where
Θ = (cclip, τzero, τtv, ceff ).

Input types X ∈ Rn×m; G ∈ Zn; P ∈ {−1, +1}m;
M : D → 2{1,...,m}; w, nmin ∈ Z>0;
cclip, τzero, τtv, ceff ∈ R>0.

Output type R ∈ Regime2..n.

Input. X[i, j] is the raw value of metric j in period i; G[i] is
the granularity proxy for period i (e.g., CNS); P [j] is the po-
larity of metric j; M maps each dimension to the indices of
its metrics; w is the maximum number of prior periods used
for rolling calibration; and nmin is the minimum number of
prior observations required before an actionable classifica-
tion is issued.
Output. R[i] is the regime assigned to period i, for 2 ≤ i ≤
n.

1 procedure
GSM-Regime(X, G, P,M, w, nmin, cclip, τzero, τtv, ceff )

2 for i← 2 to n do
3 for each dimension d ∈ D do
4 A← ∅
5 for each metric j ∈ M(d) do
6 if |X[i− 1, j]| < τzero then r̃ ← 0 ▷ see Eq. (1)
7 else r̃ ← P [j] · (X[i, j]−X[i− 1, j])/|X[i− 1, j]| ▷ see

Eq. (1)
8 r[j, i]← min(cclip, max(−cclip, r̃)) ▷ see Eq. (2)
9 A← A ∪ {r[j, i]}
10 end for
11 rd[i]← Median(A) ▷ see Eq. (3)
12 end for
13 NB[i]← Median({rd[i] : d ∈ D}) ▷ see Eq. (4)
14 T V [i]← Median({|rd[i]| : d ∈ D}) ▷ see Eq. (5)
15 if T V [i] < τtv then E[i]← 0 ▷ see Eq. (6)
16 else
17 ρ← NB[i]/T V [i]
18 if ρ < −ceff then E[i]← −ceff ▷ extreme NB ratio; see

Eq. (6)
19 else if ρ > ceff then E[i]← ceff ▷ extreme NB ratio; see

Eq. (6)
20 else E[i]← ρ ▷ see Eq. (6)
21 end if
22 SS[i]← (E[i] + 1)/2 ▷ see Eq. (7)
23 end for
24 for i← 2 to n do
25 W ← {k : max(2, i− w) ≤ k < i}
26 if |W | < nmin then
27 R[i]← Insufficient calibration history
28 continue ▷ insufficient calibration window
29 end if
30 τ ← Q25({T V [k] : k ∈ W}) ▷ see Eq. (8)
31 V ← {SS[k] : k ∈ W ∧ T V [k] ≥ τ} ▷ see Eq. (9)
32 q25 ← Q25(V ); q75 ← Q75(V ) ▷ see Eq. (10)
33 if T V [i] < τ then R[i]← Low evidence / stable ▷ edge case

T V < τ
34 else if G[i] = G[i− 1] then R[i]← No change
35 else if G[i] > G[i− 1] and SS[i] ≥ q75 then R[i]← Efficient

decomposition
36 else if G[i] > G[i− 1] and SS[i] ≤ q25 then R[i]←

Over-decomposition
37 else if G[i] < G[i− 1] and SS[i] ≥ q75 then R[i]← Efficient

consolidation
38 else if G[i] < G[i− 1] and SS[i] ≤ q25 then R[i]← Harmful

consolidation
39 else R[i]← Empirical saturation
40 end for
41 return R
42 end procedure
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