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Abstract

A gradual transition from Service-Oriented Architecture (SOA) to Microservices Architecture (MSA) is
increasingly adopted to minimise disruption during digital transformation. However, the estimation of the
engineering effort for each phase of the migration is challenging due to service dependencies, rollback risk, and
team maturity. This paper presents PAEEM (Phase-Aware Effort Estimation Model), a lightweight structured
model for estimating phase-wise migration effort in SOA-to-MSA transitions. PAEEM consists of three
measures: the Phase Overlap Index (POI) that quantifies inflation of effort due to inter-phase service coupling;
the Rollback Complexity Index (RCI) that quantifies risk in the deployment, testing and data dependencies; and
the Learning Curve Factor (LCF) that characterised the efficiency gains in consecutive migration phases. By
combining architectural analysis with expert judgement, the model is well suited to early-stage planning and
low-tooling. A simulated multi-phase migration case study of an e-commerce system is used to demonstrate
PAEEM's effectiveness, yielding a Mean Absolute Percentage Error (MAPE) of 8.13%, substantially
outperforming reference models. The model provides a convenient, flexible approach to researchers and
practitioners involved in planning incremental application modernisation from SOA to MSA.

Keywords: SOA, Microservices Architecture (MSA), Phase-Aware Effort Estimation Model (PAEEM), Phase
Overlap Index (POI), Rollback Complexity Index (RCI), Learning Curve Factor (LCF), Application
Modernisation.

1. Introduction

The shift from Service-Oriented Architecture (SOA) to Microservices Architecture (MSA) is now a typical
enterprise system modernisation policy. Phased migration is a popular technique in practice among other
existing methods such as the strangler pattern, event-first, and domain-driven architectures, since it allows
organizations to reduce disruption as deployment strategies are incrementally tested [1]. Phased migration,
however, creates a challenging planning problem like how well to estimate the engineering effort to get through
each migration phase. Current models of effort estimation (COCOMO II, COSYSMO, WMFP, and even the
latest models relying on machine learning, e.g. SE3M) are optimised for monolithic system level or project level
estimation. These models do not include constructs to model incremental migration phases, dependencies
between services or the evolving maturity of engineering teams [2].

Empirical research and architecture recovery tools solely focus on feasibility or restructuring, without
empirically estimating the engineering effort per phase [3]. Furthermore, contextual specific issues, including
service coupling, rollback risks, and learning progression, distribute the effort disproportionately across phases,
and the traditional estimation methods fail to capture this variation [4].

In this paper, the Phase-Aware Effort Estimation Model (PAEEM) is presented as a simple but organised model
for phase-wise SOA-to-MSA migration. PAEEM introduces three measures which can be computed in the form
of an index: Phase Overlap Index (POI), Rollback Complexity Index (RCI) and Learning Curve Factor (LCF),
which are determined by human judgement and architecture analysis. These metrics can be evaluated without
historical data or automated tools, making the model useful in early-stage planning and resource-constrained
settings [5].

A simulated case study validates PAEEM: it outperforms common heuristics and keeps error low with a MAPE
only 8.13%. This paper makes the following contributions:

e A novel model for estimating engineering effort during phased SOA-to-MSA migrations.

o Three context-aware metrics, POI, RCI, and LCF addresses service coupling, operational risk, and learning
progression.

e A simulation-based evaluation showing improved accuracy over baseline estimation methods.
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Figure 1 shows the main contributions of PAEEM: its migration model, context-aware metrics (POI, RCI, LCF),
and validation through simulation.

PAEEM's . ' 7 é‘
Contributions ey

Figure 1. Contributions of PAEEM
2. Related work

Estimation of effort is still a component of software project planning, but the majority of existing models
assume monolithic or homogeneous development cycles, rather than incremental architectural change [6].
COCOMO II, COSYSMO, WMFP, and SE3M are widely used as general-purpose estimation models based on
either size or data-driven learning. However, they lack constructs to model effort in multi-phase migrations,
such as SOA-to-MSA transitions [7].

COCOMO 1I has effort as a scale/cost modulated function of system size (e.g. KLOC or function points) [8]. It
is empirically sound, but it views entire delivery structure as a monolith and does not consider the compounded
effort of inter-phase dependencies or rollback risks of a staged migration. COSYSMO generalises this reasoning
to systems engineering by adding counts of interfaces and scenarios but again abstracts the dynamics of staged
deployment and inter-service coordination common in the adoption of microservices [9].

Weighted Micro Function Points (WMFP) is a code perspective, an artifact-based source estimator of effort. It is
not dynamic and captures neither changing runtime behaviours nor data transformations or gradual refactoring,
which are elements of migration work that are important in scoping legacy systems [10]. SE*M is a text-based
estimating tool, which employs pre-trained textual requirement embeddings to estimate effort. SE3M is a black
box and has limited interpretability and relevance in migration settings with sparse historical data density and
heterogeneous architectural complexity, albeit flexible and adaptive on a large scale [11].

Simultaneously, an increasingly rich empirical literature on migration offers understanding of applied issues
related to SOA-to-MSA transformations. They include synchronous dependencies management, shared
databases, absence of rollback strategy, and blue/green deployment model or canary deployment model. These
studies are useful in identifying patterns and recording risks but are mainly qualitative like they seldom offer
quantitative models of the phase-dependent estimation of effort [12].

The Phase-Aware Effort Estimation Model (PAEEM) is a simple, yet formalised model of effort estimation
during staged migrations. In contrast to data-intensive models or models that are not dynamic, PAEEM presents
three metrics that can be scored manually: the Phase Overlap Index (POI) which measures service dependencies,
the Rollback Complexity Index (RCI) that measures test and deployment risk and the Learning Curve Factor
(LCF) to indicate growing team efficiency. These elements combined allow interpretable, recalculable, and
context-sensitive estimation with no historical data or automation tooling. PAEEM can be especially applied in
situations where the population of interest is small, the research is academic and where resources are limited and
intent is to align estimation activities with practical realities of migration.

PAEEM satisfies a critical gap in the estimation literature by instantiating architectural dependencies,
operational risks, and organizational learning into its framework, providing a phase-sensitive, migration-specific
alternative to both classical models and anecdotal practitioner wisdom [13].

Table 1 presents the critical literature gaps, their significance and shows how PAEEM addresses them through
phase-specific, interpretable, and applicable metrics.

Table 1. Summary of Literature Gaps and PAEEM Contributions

Sr. . e . - How PAEEM

No. Gap in Existing Models/Studies Significance of the Gap Addresses It

1 No phase-wise effort estimation in Migration happens in phases, Provides per-phase
traditional models (COCOMO II, each with unique dependencies effort via a structured
COSYSMO, WMFP, SE*M) and risks formula




63

2
No quantification of service coupling Cross-phase calls/data-sharing Introducing Phase
across phases inflate integration/testing cost Overlap Index (POI)
3
Rollback/test/data risks not included in Critical for safe migration, Adds Ro.l Iback
. . S . Complexity Index
estimates especially in high-risk domains
(RCI)
4
No modelling of team Teams gain efficiency, reducing | Models via Learning
learning/improvement over phases effort in later phases Curve Factor (LCF)
5 . . .
Heavy reliance on historical data or Limits qsed In new projects, Fully manual,
. academia, or resource- transparent, and
automation tools . . .
constrained teams lightweight
6
Empirical studies lack actionable Offer useful observations, but Converts qualitative
estimators no phase-aligned predictions risks into effort deltas
7 . e -y . Human-readable
Poor interpretability in ML-based models | Black-box predictions hinder .
(e.g., SE’M) trust and adaptation formula with expert-
e tunable weights

PAEEM is a step toward reconciliation between theory-based models of effort and realistic risk-sensitive
models of migration. It enables realistic estimation even when available tooling is limited. Thus, it is the model
that suits the situation of academic research, agile teams and digital transformation.

3. Methodology

In this section, the systematic procedure employed to develop the Phase-Aware Effort Estimation Model
(PAEEM) is described. The approach aims to enable an organised and manual estimation of effort in each phase
of an incremental migration from SOA to MSA, without the assistance of automation or big data. The process
includes phase identification, metrics formulation, and application of a weighted estimation model. All the
components are evaluated manually using architectural understanding, professional input, and logical grouping
principles.

3.1. Model Overview

The proposed Phase-Aware Effort Estimation Model (PAEEM) has enabled rigorous engineering effort
estimation by providing the estimation during the incremental migration from Service-Oriented Architecture
(SOA) to Microservice Architecture (MSA). The model acknowledges that migration is never unidimensional or
homogenised. It also acknowledges that it treats each of the phases as an independent unit of effort subject to
architectural dependencies, operational risks, and organizational learning. Because PAEEM is a manually driven
model which is easy to apply and interpret, it may be applicable to both academic and small-enterprise settings
where automated tools are not available.

3.2. Phase Identification and Service Grouping

PAEEM is based on the determination of logical groupings of microservice (phases) for migration. Services are
clustered based on service coupling, business-domain alignment, operational risk, and team readiness. This is
achieved by manual architectural analysis (e.g. service-dependency diagrams, business-process mappings) and
expert judgement.

Determination of the phases is done by the following steps:

e Enumerate all the services available in the legacy SOA system along with their published interfaces

e Construct the service-level dependency graph and examine the coupling and cohesion characteristics among
the existing SOA services

e Decompose each coarse-grained SOA service into a set of candidate microservices by applying domain-
driven design principles, identifying bounded contexts, and aligning each candidate with a single business
capability

e Build the microservice-level dependency map and mark the candidates that exhibit tight runtime coupling or
share a common business domain

e Cluster the tightly coupled and domain-aligned microservices together, treating each resulting cluster as one
migration phase
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e Sequence the clusters in increasing order of migration risk and architectural complexity to obtain the ordered
migration phases P1,P2,P3...... Pn

Step through the order of the lowest risk, lowest complexity services to more important and tightly coupled
modules. Effort is estimated in each phase as an independent unit but may depend on the properties of prior
phases.

3.3. Metrics

PAEEM proposes below fundamental metrics that are used at every phase of migration. The metrics are
evaluated manually through architectural and operational evaluation.

3.3.1. Baseline Phase Effort (BPE)

Baseline effort is estimated at the task level within each story. Each task t is assigned to a base hands-on
duration, A(t) in hours (Effective Engineering Hours, EEH). No separate complexity multiplier is used. The
implementation difficulty is captured directly in /(t). Migration-specific dependency and rollback risk, along
with team learning, are applied later and determined at the phase level using distinct phase-level metrics. Unlike
Agile story-point estimation, which folds complexity and risk into a single measure, PAEEM deliberately
separates task-level build effort (h(t)) from phase-level migration risk (PM), since cross-phase coupling and
rollback risk are properties of the phase sequence, not of individual stories.

Baseline phase Effort( BPE psep) ) = Z Z Z h(t) (¢))
meMp seSy teT;

where:
e M, is the microservices delivered in phase p.
o Su is the stories belonging to microservice m (in phase p).
o Tsis the task inside the story s.
o h(t) is the effective engineering effort (EEH) to complete the task.
Each task t is assigned a base hands-on duration A(t) in Effective Engineering Hours (EEH) using a fixed
grid. h(t)€ {0.5,1,2,3,4,6,8} hours.
o Ifatask> 8 h, split it.
e If< 0.5 h, merge with another tiny task.
3.3.2.  Phase Overlap Index (POI)
POI measures the degree of service coupling between the current phase and those microservices that have
already been migrated in the previous phases. The higher the POI, the more dependency and therefore more
integration and coordination work is required.

C
Phase Overlap Index( POL,) = T—” , 0<POL,<1 (2)
4
Where:

e (,; is the number of microservices in the current release that have upstream dependencies on earlier-phases
services (API calls, shared datasets, libraries, or other couplings).

o T, is the total number of microservices in the current stage.

POI can have a minimum value of 0.0 (completely independent) and a maximum value of 1.0 (completely
dependent), practically, a POI value greater than 0.5 means that the integration is very complex.

3.3.3.  Rollback Complexity Index (RCI)

RCI is used to estimate the risk of testing, deploying or rollback of a phase. It is based on a list of risk factors
such as shared data storage, manual deployment, and absence of rollback strategies.

R
Rollback Complexity Index( RCIL, ) = Wp , O0<RCI, <1 3)

Where:

e R, is the number of rollback risks that have been identified in the current phase.

e N is the total number of risk factors. In this study, N = 10 is used; other groups can choose another N.
Common risk factors include shared databases, inadequate test automation, brittle legacy dependencies, and the
absence of defined rollback plans. The RCI values range from 0.0 (no risk) to 1.0 (high risk). Table 2 lists the
predefined risk factors used in this study; each item is checked per phase to compute the Rollback Complexity
Index (RCI).

Table 2. Risk factor and description

Sr. No. | Risk Factor Description

Shared Database Service in this phase accesses a database shared with non-migrated
Dependencies components, complicating rollback and data consistency [14], [15], [16].
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Services being migrated are over coarse or over fine-grained, increasing

2 Improper Service Granularity refactoring and testing complexity [17, 18].
3 Lack of API Versioning P}lbhc }nterfaces lack proper version control, making rollback unsafe or
disruptive to consumers [15], [19].
4 Distributed Transaction The phase includes workflows involving transactions across multiple
Handling services, increasing coupling and rollback risk [14], [16], [18]
No defined or tested rollback process exists for this phase, making
> Incomplete Rollback Strategy | 0o Gifficult after failure [16], [20].
6 No Automated Testing Phase lacks sufficient unit, integration, or regression test coverage to
Framework safely validate the migration [16], [18], [20].
7 Environment Configuration Inconsistent development, testing or production environments lead to
Drift failures during rollback or redeployment [15], [16], [19].
2 Dependency on Legacy Reliance on old ESBs or SOAP-based middleware adds fragility during
Middleware rollback attempts [17-19].
9 Insufficient Monitoring & Lack of observability makes it difficult to detect failures early, delaying
Alerts rollback actions [14], [15], [18].
10 Inadequate CI/CD Rollback Pipelines do not support “one-click” rollback (blue/green, canary),
Support making reversals slow and error-prone [16], [17], [20].
3.3.4. Learning Curve Factor (LCF)

LCF represents productivity knowledge gains of the team with each successive migration phase. Later on, as
experience builds, the teams will work more efficiently, and team requires less effort in next phases.

Learning Curve Factor( LCF,) = min ((p—1) X G,0.3),

Where:
e pisthe phaseindex (p=1,2,...).
¢ G is the gain of a per-phase that has been selected by the expert panel (e.g., G = 0.1).
e LCF can only take a limit of 0.3 to prevent over discounting.
To determine the value of G, PAEEM uses a structured capability checklist covering five maturity factors that
impact team efficiency. These factors are listed in Table 3 and must be evaluated in each migration phase.

0 < LCF, < 0.3 (4)

Table 3. Capability Checklist for Learning Curve Factor (LCF)

Sr Capability
° | (Quality Short description Minimal evidence to mark Yes
No. .
Check item)
Service Standardised scaffold ensures new services Template repository or consistent pull
1 template / start with uniform logging, config, health re U.SS t usa I; Yy P
generator checks, and CI hooks. q &
Reusable Common pinelines and infrastructure Reusable workflow (GitHub
CI/CD + pip . Actions/Jenkins) and shared
2 modules reused for build, test, deployment,
shared . L Helm/Terraform modules referenced by
and environment provisioning. .
laC/Helm service repos.
Reusable t.est Ready unlt., integration, and. contract tests CI logs show test jobs and
3 harness with integrated into CI with quality gates to .
. coverage/contract gates passing.
CI gates prevent regressions.
Golden-path Curated playbooks for .b}uld,.deployment, Links in README/PR templates;
4 docs / rollback, and observability, linked where .
runbooks version controlled.
runbooks developers work.
Data migration | Versioned schemas, backfill/dual-write Migration scripts + schema versioning
5 & cutover scripts, and a tested cutover/rollback in Version Control System; evidence of
checklist procedure. dry run/cutover test.

The total number of "Yes" responses obtained from this checklist gives the Quality Checklist (QC) score for the
phase, which is then mapped to the corresponding learning gain value G using the predefined scale presented in
Table 4.

Table 4. Gain(G) finder matrix
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Quality checklist (QC) |0 |1 |2 |3 |4 |5

G (per-phase gain) 00.02]|0.04|0.06 0.08|0.1

These values have been calibrated through a consensus-based exercise involving five practitioners, each having
hands-on experience of carrying out SOA-to-MSA migrations in enterprise settings. In cases where the
individual responses did not converge in the first round itself, a brief discussion was held among the
practitioners to arrive at a common understanding of the overall shape of the QC-to-G mapping as well as the
size of the per-step increments, and the values were finalised only after a clear consensus had emerged on both
these aspects. Table 4 has QC to G mapping which is of liner nature, having a uniform increment of 0.02 in G
for every additional capability marked as “Yes” in the checklist. This ensures all the five capability items have
qual contribution to the per phase learning gain, without assuming regarding the relative importance of one
capability over the other. It also keeps the scoring procedure transparent and easy while practicing.

3.3.5. Phase Modifier (PM)

PM scales the baseline story-point estimate of a migration phase based on two normalised drivers:

e Cross-phase overlap (POlnom)

e Rollback/operational risk (RClhorm).

Table 5 presents a matrix that provides the Phase Modifier (PM) as a look-up over normalised Rollback
Complexity Index (RClhorm) and Phase Overlap Index (POlsorm)

Table 5. PM finder matrix

RClInorm | \ POlInorm — 0-0.20 0.20-0.40 | 0.40-0.60 | 0.60-0.80 | 0.80-1.00
0-0.20 1.06 1.14 1.22 1.3 1.38
0.20-0.40 1.1 1.18 1.26 1.34 1.42
0.40-0.60 1.14 1.22 1.3 1.38 1.46
0.60-0.80 1.18 1.26 1.34 1.42 1.5
0.80-1.00 1.22 1.3 1.38 1.46 1.54

Note: The band boundaries in Table 5 are inclusive on the left side; for instance, a value of 0.20 falls within the
0.20-0.40 band and not within the 0—-0.20 band.

The PM values reported in Table 5 have been calibrated manually based on the inputs received from five
practitioners, each of whom had hands-on experience in carrying out SOA-to-MSA migration projects in
enterprise settings. The resulting range of PM values is found to be in good agreement with the typical
behaviour observed in enterprise-scale phased migrations, where the required effort tends to grow with the
increase in architectural coupling and operational risk associated with a given phase. The calibration has been
carried out in such a manner that even in the most favourable case, that is, when both the dependencies and the
rollback risk are minimal, a small overhead is still introduced (PM > 1.06), since some integration and
verification effort is always unavoidable in a migration scenario. At the other end, the phase-level effort
inflation has been bounded at approximately 54% (PM < 1.54), reflecting the consensus among the practitioners
that beyond this point, the migration of such a phase would no longer be considered practical in real enterprise
programmes, and would typically be re-planned by further sub-dividing the phase.

3.4. Phase-Aware Effort Estimation Model (PAEEM)
PAEEM combines the three metrics mentioned earlier, POI, RCI, and LCF into a weighted equation to measure
the engineering effort needed at each phase of migration. The approximate effort of a certain phase is calculated
as:

Effort,) = BPE, X PM,( POl,orm ,RClyorm ) X (1 — LCF,) (5)
Where:
e BPE, is the baseline effort (EEH) in phase p.
e PM, is the phase modifier of phase p based on POI and RCI, shown in table 5.
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POI and RCI normalised in [0,1] and LCF normalised in [0,0.3] because of cap. This model ensures that the
engineering effort grows in proportion to technical dependencies and rollback risk and offers the opportunity to
reduce it depending on team learning and process maturity in successive phases.

This methodology defines a structured, human-evaluable pipeline for estimating phase-wise effort in SOA-to-
MSA transitions. The following section presents a simulated application of PAEEM and a comparison with
standard estimation models.

3.5. Procedural Steps of PAEEM

The end-to-end procedure of PAEEM, covering phase identification, manual scoring of POI, RCI, and LCF, the
Phase Modifier look-up from the calibrated matrix, and the per-phase effort computation in EEH, is
consolidated in Algorithm 1.

Algorithm 1 PAEEM — Procedural Steps: Phase-Aware Effart Estimation for S0A-to-¥ 54 Migration

Inpaitz Lepacy S0A system, task-level effor data, the N = 10 rollhack risk catalogue [Table Z), the 5-tem capahility
checklist (Table 3), gain-mapping (Tabde 4), and the Phase Modifier matrix & (Table 5),
Ouitpui: Effart estimate (in Effective Englineering Hours, EEH) for each migration phase.

L= Idemify migratien phases
X List all services of the legacy SOA system
& Draw the service-dependescy map and mark tght coupling and business-domain aligrment
4: Group tightly coupled and domaln-related services Into clusiers
5 Order the clusters from lowest risk and lowest complexity o highest. producing phases
PPy Py
i Foreach ph.“r'r! =12 ..., nde
7 Compate Baseline Phase Effort (BPE)

H: For each mucroservice in phase p, [t all user stories

9: For each stary, break it imo implementation tasks

10; Assign each task a duration hit) € (0.5, 1. 2, 3. 4, 6, 8] hours

11: 1 a task exceeds 8 hoars, split it

12: 10 o task is bebow 005 hotirs, merge it with another tek

13: Huen lask durations acrass £ microservices m € MI..'\IJ.Irr.'.\ sES, and lasks r £ T, of |a|1.|.wp

BPE(pI= % T M

Imstbr, b i, | iTET,0
14: Compante Phase Overlap Index (POT)
15; Determine C, = rumber of microservices in phase p that depend an services already migirabed] in earlier phases
16 Detesrnine T, = total number af microservices in phase p
17 Compute POlp) = C,0T,  {range: 0.0 ta 1.0§
18: Compute Rollback Complexity Index (RCT)
19; Walk through the 10 risk factors in Table 2 and mark each as present or absent
2: Determine RI. = number af risks marked present, M = 10
21: Compute RCI ) = RI.'N Jrange: 0.0oa 1.0§
I Compute Learning Curve Facor (LCF)
I3: Score the 5-iem capability chedklist in Table 3 for phase p
24; Determine the Quality Capability scare QO (count the number of items marked as Yees, this is the QC soore,)
25; Retrieve gain 3 fram Table 4 using G (re<evaluabed for vach phase p)
2 Compute LOF Rl = mind(p - 1) = G, 03)
I7: For phese 1, set LOF(pr=0
Z8: Loak up the Phase Modifier (PM)
29 1dentify the RCTw bamd: [0, 0200, (020, 0LA0], (0040, 0060, (9,60, 0,80, [0.80, 100]
3 Iri:'rrif:. the POV ., band using the same scale
A1: Retriese the carmrespanding PM value from Table 5
320 Compute phase effor
Effortjpt = BPE{p) = PMipiPOT ., BOT b= (1 - LCFp)
33 Record Effortfp) in EEH
34 end for

-

e Aggregate and report resilis

[}

B Sum edban acrods all phases (o ablain ol megration i
37 Use the phase-wise effort vector for scheduling, resource allocation, and risk-mitigation planming
B Buetum effor estimates for all migration phases

[

Figure 2. Algorithm of PAEEM for phase-wise effort estimation.

4. Application and Simulation of PAEEM

4.1. System Description

In order to illustrate the applicability of PAEEM, an e-commerce system has been considered as the reference
case. The system was originally designed as a Service Oriented Architecture (SOA) leveraging four coarse-
grained services such as User, Product, Payment and Order which communicates with each other through the
XML/SOAP style interfaces. Although this architecture is accomplishing its functional objective well, the
coarse granularity of the services has been found with certain practical limitations in terms of independent
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scalability, ease of deployment and overall development agility. This provides motivation for undertaking a
phased migration approach towards a Microservices Architecture (MSA).

4.2. Migration Phases
This system was gradually broken down into ten microservices and migrated over four phases in a domain-
driven approach to isolate business capabilities, minimise inter-phase dependencies, and align with team
readiness.

Table 6. Migration Phases and Microservice Allocation

Phase Microservices Migrated
P1 msl, ms2, ms3

P2 ms4, ms5

P3 ms6, ms7, ms8

P4 ms9, ms10

This staged design scopes and verifies each of these steps individually while ensuring business continuity is in
place.

4.3. Metric Scoring (POI/RCI/LCF)

Each migration phase has been scored using the three PAEEM metrics, namely POI, RCI and LCF leveraging
the combination of architectural review of the service dependencies, simulated risk scenarios drawn from the
rollback factors listed in Table 2 along with the structured Quality checklist given in Table 3 for assessing the
per-phase learning gain G. The summary of the normalised phase — level scores have been mentioned in the
Table 7. These values, namely the Phase Overlap Index (POI), the Rollback Complexity Index (RCI), and the
Learning Curve Factor (LCF) derived from G, serve as the direct inputs to the phase effort computation which is
mentioned in Table 9.

Table 7. Metrics Inputs and Scoring per Phase (POI, RCI, LCF).

g’)ase cC |T, POI= C/T, R N |RCI=RN |G LCF = (p-1) x G
Pl 0 |3 0 3 10 |03 0 0

P2 2 |2 1 2 10 |02 0.04 0.04

P3 2 |3 0.67 4 10 | 0.4 0.06 0.12

P4 1|2 0.5 5 10 |05 0.08 0.24

4.4. Per-Service Baseline & Phase Effort
The per-service baseline and phase effort for each phase is mentioned below in Table 8.

Table 8. Per-Service Baseline engineering efforts (EEH) and Phase Totals

Total Baselin
Phas | Microservic Numbe | 0.5-h | 1-h 2-h 3-h 4-h 6-h 8-h EEH e Phase
o o r of Task | Task | Task | Task | Task | Task | Task (hours Effort
Story s s s s S S S ) (BPE)
in EEH
msl 10 0 0 2 2 4 3 4 76
P1 ms2 6 0 1 0 2 2 0 2 31 133
ms3 5 0 0 1 0 2 0 2 26
ms4 9 0 2 0 0 2 3 3 52
P2 89
ms5 7 0 2 0 1 2 0 3 37
ms6 7 0 0 0 2 2 2 3 50
P3 ms7 8 0 0 1 1 3 4 4 73 197
ms8 9 0 0 0 2 3 4 4 74
ms9 6 0 0 1 2 2 2 3 52
P4 194
ms10 10 0 1 0 3 5 8 8 142

Using the BPE values from Table 8 and the metric scores from Table 7, the effort for each phase is calculated
as:
Efforty) = BPE;, X PM,( POl ,RClrm ) X (1 — LCFy) (6)
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Table 9. PAEEM Effort per Phase

Effort
Phase BPE POI RCI LCF PM phase

(EEH)
P1 133 0 0.3 0 1.1 146.30
P2 89 1 0.2 0.04 1.42 121.32
P3 197 0.67 0.4 0.12 1.38 239.24
P4 194 0.5 0.5 0.24 1.3 191.67

5. Results

5.1. Evaluation Design and Baselines

In order to assess the practical accuracy and contextual relevance of the Phase-Aware Effort Estimation Model
(PAEEM), its predictions have been evaluated against two baseline approaches that are commonly employed in
phased migration planning. Uniform Effort Distribution Model assumes an equal effort distribution across all
phases (e.g., 100 story points per phase). Meanwhile, Service Count Model allocates effort proportionally based
on the number of microservices migrated per phase. These models are useful as they are simple, but none of
them consider inter-service dependencies, rollback risks, or learning as a team over time.

COCOMO II, COSYSMO, and SE’M (and many more) are project-level or monolithic software estimation
models that use static parameters (e.g., KLOC, function points, or historical corpora). These models do not
allow per-phase estimation of effort or migration-related constructs such as inter-phase dependencies or rollback
risk. In this light, a direct comparison would be structurally invalid and misleading. Rather, we compare
PAEEM with two realistic heuristics, uniform distribution of effort and service-count based estimation, which
were widely used in phased migration planning.

Table 10. Summarises the estimation outcomes across the four migration phases:

Phase | Microservices ‘éfft:ril Uniform Effort | Service-Count Model | PAEEM

(EEH) | Model (EEH) | (EEH) (EEH)
P1 3 168 172 206.40 146.30
P2 2 124 172 137.60 121.32
P3 3 218 172 206.40 239.24
P4 2 178 172 137.60 191.67

To ensure a fair comparison, we calibrated both baselines to the same total effort as the observed data: 688 EEH.
The Uniform Effort Model assigns 172 EEH per phase (688 + 4), while the Service-Count Model assigns 68.80
EEH per microservice (688 + 10), distributed across phases in proportion to the microservices migrated. This
calibration eliminates any aggregate-level bias in the baselines, so that the two heuristics compete with PAEEM
purely on how effort is distributed across the four phases rather than on the accuracy of the total.
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Figure 3. Phase-wise comparison of actual and estimated effort, highlighting PAEEM’s improved
accuracy.

Given the complexity of the services, their integration requirements, and deployment readiness, we used
systematic expert judgement to establish the actual effort values. To avoid circular validation, these values were
elicited from a separate panel that played no part in calibrating the Phase Modifier matrix or the QC-to-Gain
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mapping and was blinded to all PAEEM scores and outputs. This ensures the reported accuracy reflects genuine
predictive performance rather than internal self-consistency.

5.2. Accuracy Analysis
To quantify estimation performance, the Mean Absolute Percentage Error (MAPE) is employed:

n . o .
MAPE = lz (Estimated;— Actual;) +100 (7)
n i=1 Actual;
Table 11. Aggregate Accuracy (MAPE)
Model MAPE (%)
PAEEM 8.13
Service-Count 15.46
Uniform Effort 16.39
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Figure 4. Accuracy comparison between models

As shown in Table 11 and Figure 4, PAEEM achieves a substantially lower error rate, which highlights its
ability to capture context-specific variables such as cross-phase service dependencies, rollback complexity, and
learning curve effects that are typically overlooked by traditional heuristics.

6. Discussion

6.1. Interpretation of Findings

The context-aware modifiers implemented in PAEEM lead to an increase in accuracy rather than a fixed value
applied to all phases that adjusts the base effort. The Phase Modifier (PM) combines the Phase Overlap Index
(POI) and the Rollback Complexity Index (RCI), so that architectural coupling and operational risk specific to
each phase are directly reflected in the estimate. The Learning Curve Factor (LCF), however, slowly reduces the
effort estimate in the later phases to account for the productivity gains of the team as they become more familiar
with the migration patterns and tooling.In contrast, the Uniform Effort and Service-Count models assume a
static distribution of effort and do not respond to phase-level variations. PAEEM, by design, scales the estimate
dynamically based on the complexity of each individual phase, and this is precisely why its values track the
actual engineering effort more closely, especially in the phases where service coupling or rollback risk is on the
higher side. Moreover, the manual scoring process and the interpretable structure of the model make it
particularly suitable for early-stage planning, as well as for environments where historical project data or
automated estimation tools are not easily available.

6.2. Limitation

The present study has produced encouraging results, and at the same time, a few scoping aspects need to be
highlighted so that the boundaries of the current work are clear and the directions for further improvement come
out naturally. To begin with, the effort values have been expressed in Effective Engineering Hours (EEH),
which gives a uniform and reproducible basis for comparison across phases; team-specific estimation
conventions or organisational accounting practices can always be brought in later through a suitable calibration
step, without disturbing the underlying formulation. The scoring of the three metrics, namely POI, RCI, and
LCEF, is based on expert judgement, and this has been kept as a conscious design choice in order to make the
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model lightweight and usable in situations where historical project data is either limited or not available at all.
The same scoring mechanism can be made more objective in subsequent versions of the model by adopting
structured elicitation techniques such as Delphi rounds or by drawing inputs from a wider expert panel. Further,
the case study has been carried out on a single simulated e-commerce system, which was chosen with the
intention of keeping the demonstration controlled and easy to follow; once PAEEM is applied to additional
application domains in future studies, the generalisability of the model is expected to come out more clearly.
Migration has been modelled over four phases (n = 4), which is sufficient for illustrating the phase-wise
behaviour of PAEEM, and considering migrations with a larger number of phases in subsequent studies will
permit a more rigorous statistical assessment of the estimation accuracy. Since the model and its scoring
procedure have been documented in detail, PAEEM lends itself to easy adaptation in other migration settings
with only minor contextual tuning, and this adaptability may be regarded as a strength of the design rather than a
constraint.

6.3. Future Work

A number of directions for taking this work forward emerge quite naturally from the present study. The first and
most immediate step is to validate PAEEM on actual SOA-to-MSA migration projects taken up in different
application domains such as banking, healthcare, and telecom, so that the behaviour of the three metrics, namely
POI, RCI, and LCF, can be studied under varying organisational structures and technology stacks. The reliance
on manual expert judgement can also be brought down by partially automating the scoring process, for example,
by deriving service dependency counts from static code analysis, inferring rollback risk factors from CI/CD
pipeline configurations, and verifying the QC checklist items from version-controlled artefacts such as Helm
charts, Terraform modules, and runbooks. The Phase Modifier matrix and the QC-to-Gain mapping presented in
this paper can be further refined by carrying out structured elicitation exercises such as Delphi studies with a
wider panel of practitioners having hands-on experience in phased migrations. In the longer run, once a
reasonable amount of historical effort data becomes available from real-world migrations, a hybrid version of
PAEEM may be developed wherein the interpretable structure of the model is retained, and the PM values along
with the per-phase gain G are learned in a data-driven manner. The scope of the model can also be extended
towards cost estimation, scheduling, and risk-adjusted planning at the programme level, since the per-phase
effort values are already expressed in Effective Engineering Hours and lend themselves to such extensions in a
straightforward way. With these refinements and a broader empirical grounding, PAEEM is expected to evolve,
in due course, into a practical and adaptable estimator for large-scale software migration programmes.

7. Conclusion

This paper has presented PAEEM (Phase-Aware Effort Estimation Model), a simple and lightweight model for
estimating engineering effort during the incremental migration of systems from SOA to MSA. What sets
PAEEM apart from the conventional estimation models is the use of three migration-specific factors: the Phase
Overlap Index (POI), which captures the architectural coupling between phases; the Rollback Complexity Index
(RCI), which reflects the deployment and operational risk involved; and the Learning Curve Factor (LCF),
which accounts for the team's growing maturity as the migration progresses. In the controlled case study
reported here, PAEEM achieved a MAPE of 8.13%, as compared to 15.46% for the Service-Count model and
16.39% for the Uniform Effort model, indicating that the proposed model estimates phase-wise effort more
closely than the baseline approaches considered. Since the metrics are scored manually and the formulation is
fully transparent, PAEEM becomes a useful option for early-stage migration planning, for academic studies, and
for teams working in low-resource settings where historical data or automated tooling may not be readily
available. Having said that, the present results rely on expert judgement and a simulated case study, and
therefore, further validation on large-scale, real-world migration programs is required before the model can be
recommended for industrial-scale adoption.
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