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This study’s object is the cloud migration process of informa-
tion systems (ISs). This paper aims to resolve the task of devising
a quantitatively grounded classification of migration strategies
while previous approaches relied on conceptual models without
empirical validation of industry-specific performance metrics.

Unlike existing categorizations, the proposed approach
employs empirical data from 275 successful cloud migration
cases, considering cost reduction, performance improvement,
migration duration, as well as the number of cloud services used.
Missing values are handled by multiple imputations via chained
equations (MICE); outliers were removed using the interquar-
tile range criterion, thereby enhancing result reliability. A tax-
onomy of three strategies — Lift-and-Shift, Re-platforming, and
Reengineering - was established.

Quantitative results indicate that Lift-and-Shift was applied
in 39.64% of cases with an average cycle of 5.94 months and cost
reduction of 40.06%; Re-platforming in 38.55% of cases with
6.10 months and 38.12% cost savings; Reengineering in 21.82%
with 6.28 months, 42% cost savings, and 141.66% performance
gain. Further analysis revealed an industry dependence in strat-
egy selection: Lift-and-Shift predominated in regulated sectors,
whereas Re-platforming and Reengineering were preferred in
high tech industries.

The findings could underpin automated decision support
systems for planning cloud migration of IS at medium and large
enterprises. The quantitative models enable forecasting of tem-
poral and financial indicators based on system scale, technolog-
ical landscape, and regulatory requirements. Implementation
requires acquisition of performance and cost metrics and inte-
gration of MICE and outlier detection into pre-migration audits
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Cloud migration is described as a structured strategic pro-
cess of transferring corporate information systems (ISs) from
traditional on-premises environments to cloud platforms, aimed
at potentially increasing operational efficiency, reducing costs,
and strengthening the competitive position of organizations in
the market. Careful selection of the optimal migration strategy
is a key factor that can significantly affect the achievement of
desired results. With proper planning and execution of cloud
migration, companies were able to reduce project costs by an
average of 40% and reduce system downtime by up to 45%. In
the best case scenario, companies achieved a reduction in total
cost of ownership by 30-50%. According to some sources, the
practical benefit was manifested in a reduction in time to market
for new products and services by 45-65%. Against the back-
ground of an average increase in operational efficiency by 40%
and employee productivity by approximately 35%, development
cycles were accelerated by up to 60%. As a result, in the best case
scenario, companies that have successfully migrated demon-
strate revenue growth that can be 2.5 times higher compared
to companies that have not implemented similar measures [1].

The relevance of the topic of strategic planning for cloud
migration is due to several factors. First, there is a large

body of research on this topic that demonstrate a significant
gap between conceptual approaches to strategic planning
for IS migration. This may indicate the absence of a single
approach for, potentially, contextual, regulatory, corporate,
and organizational reasons. Second, studies on this topic in-
dicate that the migration procedure is inextricably linked to
a number of security risks. For example, since 2020, the total
cost of losses caused by data "leaks” has increased by 15.3% —
to USD 4.45 million. The importance of predicting such risks
and designing mechanisms for their prevention and minimi-
zation in cloud IS migration is almost beyond doubt. Third,
the technical complexity of the migration process can lead
to undesirable delays (4.5 months in some cases) and budget
overruns (indicators reach 2-3% of the annual revenue of the
enterprise). This may be due to the industry specificity of IS
and requires special tools for planning the stages of IS migra-
tion, which forces enterprises to allocate additional resources
for the development or adaptation of such tools. Fourth,
financial management in the cloud environment is an impor-
tant planning stage since the absence of the latter leads to an
increase in the total cost of ownership (up to 20-30% in the
first year) and reduces long-term benefits [1]. Thus, the cloud
migration process, in particular its strategic planning, is rele-
vant from an applied point of view since it includes a number




of factors that must be taken into account. The diversity and
multifaceted nature of these factors allow us to conclude that
further research into this area is appropriate.

2. Literature review and problem statement

Currently, there is no single standardized classification of
IS cloud migration strategies. Instead, there are several studies
aimed at both devising new strategies and modifying existing
classifications of IS migration strategies. Thus, in study [2],
a categorization of IS migration strategies to the cloud envi-
ronment was presented according to service delivery models:
migration to IaaS (infrastructure as a service), PaaS (platform
as a service), and SaaS (software as a service). The latter strat-
egy was divided into three approaches: complete replacement
of the system with a cloud solution (replacement), partial
replacement of individual functional components (revising),
and complete reengineering of the system for cloud architec-
ture (reengineering). This classification allowed the authors to
clearly distinguish the level of complexity and the number of
necessary changes in IS depending on the chosen migration
strategy. However, its disadvantage was the lack of clear crite-
ria for choosing a specific strategy for individual cases, which
made it difficult to choose the optimal IS migration strategy in
accordance with the needs of the organization and the features
of IS implementation.

In [3], an approach was proposed that involved implementm
ing an artificial intelligence (AI)-based superstructure on top
of standard cloud IS migration strategies (Rehosting, Refactor-
ing, Rearchitecting, Rebuilding, Retiring). A framework was
developed that used machine learning tools to automatically
analyze the application portfolio, categorize their suitability for
different migration strategies, and also predict resource needs
and optimize the planning of migration "waves". However, the
practical application of the proposed solution was complicated
by the need for high-quality input data and significant require-
ments for personnel competence in working with AI tools. The
lack of adaptation to non-standard architectures and migration
scenarios could limit its applied effectiveness.

Work [4] described a classification of IS cloud migration
strategies, which involved three common approaches. These
included Lift-and-Shift (migration without significant changes),
Re-platforming (partial modification using individual cloud
services), and Refactoring (complete redesign of applications
for cloud technologies). Each of these approaches had its
own characteristics in terms of cost, migration speed, level of
complexity and resource optimization. The main disadvantage
of this approach was its focus on a general comparative assess-
ment. The proposed solution did not contain clear instructions
for individual selection of a strategy under the actual condi-
tions of specific organizations. In addition, the complexity and
need for significant resources for analysis and implementation
made this categorization unsuitable for use without additional
adaptations and detailing in specific organizational contexts.

In study [5], the so-called Holistic Cloud Decision Model
was proposed, which provided four consecutive stages of deci-
sion-making on the feasibility of implementing cloud services
in an organization. The first stage of the model consisted of de-
fining and detailing the functional and non-functional require-
ments of the organization, including software and hardware
specifications, business goals, availability levels, scalability,
and reliability. The second stage involved a comprehensive cost
assessment that included a comparison of capital (CAPEX) and

operating expenses (OPEX) for various deployment scenarios.
The assessment was performed using key financial indicators
such as NPV (net present value), ROI (return on investment),
and BCR (benefit/cost ratio). The third stage of the model
aimed at estimating the cost of implementing a cloud infra-
structure, where issues of information security, compliance
with user requirements, flexibility, risks, and the level of depen-
dence on third-party providers were analyzed. The fourth stage
involved analyzing the changes in the organizational structure
and processes that accompanied the transition to the cloud,
including changes in accounting, distribution of responsibili-
ties, and risk management. The model allowed for a systematic
comparison of cloud technology implementation alternatives
in terms of both quantitative and qualitative indicators, using
expert weighting of factors applying Delphi procedures and
the Analytical Hierarchy Process (AHP) method. However,
the practical application of the model was complicated by the
need to obtain detailed initial data on business requirements
and costs, the high labor intensity of the information collection
process, as well as significant dependence on the competence
and consistency of expert assessments. There were also difficul-
ties in scaling and adapting the model for organizations with
atypical or changing business processes, and the subjective
factor could negatively affect the objectivity and reproducibility
of final decisions.

In[6], a classification of IS cloud migration strategies
was introduced based on the k-means clustering method,
where three main groups of strategies were distinguished:
full migration, replacement, and component-based migration.
Full migration involved moving the entire IS or its main
components as a single unit to the cloud. Replacement in-
volved a significant restructuring of the IS or its parts with
maximum adaptation to the cloud environment, for example,
through refactoring or redesign strategies. Component migra-
tion involved partial migration of only certain important IS
elements or components. However, the main disadvantages
of this approach were its conceptual nature and the lack of
specific criteria and quantitative metrics that would allow
organizations to evaluate and compare different strategies in
the context of their own needs. This complicated the practical
application of the categorization for choosing the optimal
IS cloud migration strategy since no clear recommendations
were defined for choosing the appropriate strategy depending
on contextual conditions and business requirements.

As part of study [7], an approach to cloud migration plane
ning was proposed, based on the integration of AI methods to
reduce the cost of cloud solutions and increase the efficiency
of their implementation. A set of AI algorithms was applied,
including machine learning methods, in particular reinforce-
ment learning, clustering, and natural language processing.
These algorithms automated the assessment of IS readiness
for migration and forecasting resource costs. Al also optimized
the use of application programming interfaces (APIs) and
reduced the time for implementing strategies by ensuring
automatic configuration of the cloud environment infrastruc-
ture. The study presented detailed pseudocode and scenarios
for implementing strategies that had a certain practical value
for IT specialists. However, the practical implementation of
the proposed solution was complicated by significant require-
ments for the quality and volume of input data, the complexity
of using Al tools with the existing infrastructure. Risks asso-
ciated with security, interoperability, and data protection in
multi-component and hybrid cloud solutions have also made
it difficult to use such an approach.



Finally, in [8], a structured methodology for planning and
executing migration to S/4HANA Cloud was proposed, com-
bining a choice of three migration strategies. These include
Greenfield (implementation with process standardization and
reduction of technical debt), Brownfield (migration with pres-
ervation of existing configurations), and Hybrid (selective pres-
ervation of critical infrastructure with parallel modernization).
This allowed the authors to align migration actions with busi-
ness goals, accelerate deployment, improve the quality of data
management, and reduce risks while minimizing operational
interruptions. At the same time, a number of unresolved issues
were identified, including potential bias on the part of develop-
ers, the need for data quality control, and the risk of recommen-
dations quickly losing relevance in the absence of their regular
revision. The limited generalizability of the results, due to the
industry-specific nature of the sample, may not be universal for
all cloud providers.

Based on our review of current literature addressing the
classification of IS cloud migration strategies, several general
conclusions were drawn. First, analysis revealed that most works
offer different approaches to defining, forming, and categorizing
strategies. Second, none of the existing approaches has come
close to the status of a universal or standardized tool for ensur-
ing the possibility of making decisions on choosing a migration
strategy under real organizational conditions. Third, existing
approaches do not either contain clear criteria and algorithms
for choosing a strategy for specific requirements and character-
istics of IS and business, or remain too general and conceptual,
complicating practical use. More modern approaches using Al
significantly increase the objectivity and speed of preliminary
assessment, reduce the influence of the human factor, automate
application portfolio analysis and resource forecasting. However,
their effectiveness is limited by the need for large volumes of
high-quality data, high requirements for personnel expertise, as
well as the complexity of integration and adaptation to a specific
organizational architecture and IS usage scenarios. The central
problem among all is the lack of a single process model, which
complicates the assessment and justification of strategic plan-
ning and negatively affects the efficiency of the entire migration
process. Solving this problem would allow organizations to
reduce the time and resources spent on planning and executing
migration, as well as minimize the risks of data loss. In addition,
it could improve operational performance and strengthen com-
petitiveness through faster implementation of new services [9].

The reasons for the problem remaining unresolved may be
the conceptual and methodological inconsistency of approaches
in scientific and applied literature. Another reason may be the
lack of agreed terms and structural components of the process.
The difficulty of unifying practices that have arisen in different
organizational and technological contexts also contributes to the
persistence of this problem. Such a situation complicates the
coordination of assessment criteria, comparison of alternatives
and integration of tools to support decision-making at the stra-
tegic planning stage. It is in this context that the problem of our
study is stated - the lack of a single substantiated classification
of the cloud migration strategy of IS.

The results of our review of related sources showed that
the state of the problem solution currently remains unsat-
isfactory; therefore, to solve it, it was advisable to conduct
a study of the general issue — the lack of a single categorization
of cloud migration strategies of IS. As the shortcomings were
analyzed and considered, the research problem was stated
as the lack of a quantitatively substantiated classification of
cloud migration strategies of IS.

3. The aim and objectives of the study

The purpose of our study is to identify quantitative
industry-specific indicators of the results of implementing
typical cloud IS migration strategies, namely Lift-and-Shift,
Re-platforming, and Reengineering (Re-architecting). Par-
ticular attention is paid to determining the most frequently
used strategies for each type of business and the corre-
sponding results of their implementation. This will make
it possible to assess the results of implemented migration
strategies in the relevant industry and compile practical rec-
ommendations for choosing the optimal migration strategy
for enterprises of the relevant profile, taking into account
industry requirements.

To achieve this aim, the following objectives were accom-
plished:

—to form a correct empirical basis for further research;

- to assess the industry distribution and effectiveness of
the results from implementing cloud migration strategies.

4. The study materials and methods

The object of our study is the process of cloud migration of
IS. The subject of the study is cloud migration strategies of IS.

The main hypothesis of the study assumes that the de-
scriptions of existing cases of successful cloud migration are
complete enough to formulate general conclusions based on
their analysis, taking into account the specificity of each mi-
gration strategy and allowing us to determine the correspond-
ing quantitative indicators.

To collect data, an analysis was conducted of 339 suce
cessful informal cases of migration to the cloud, which were
publicly available on the information resources by the most
known cloud providers, namely Amazon Web Services, Google
Cloud Platform, Microsoft Azure. The order of case analysis
was chosen arbitrary.

It should be noted that since the descriptions were in-
formal, the set of metrics was formed as a set of the most
frequently mentioned and publicly available metrics among
all the studied cases. The main metrics in the dataset were
Company name, Company industry, Target cloud, and Mi-
gration strategy. Cost reduction, Performance improvement,
Number of cloud services used, Migration time, and Source
link were also taken into account. Detailed information about
the metrics is provided in Table 1.

It should be noted separately that the most widely used
conceptual classification model was used to categorize cases
by the "Migration Strategy” metric. This model was based on
the scope of changes and the depth of integration with cloud
services and included Lift-and-Shift, Re-platforming, and Re-
engineering strategies [4]. The classification was based on the
following rules:

1. If the case described a direct migration of existing IS
components with minimal or no changes, then the case was
categorized as a Lift-and-Shift strategy.

2. If the case description included significant changes to
existing IS components or a complete rewrite of the IS from
scratch, then the case was categorized as Reengineering.

3.1If the case could not be unambiguously categorized as
one of the previous strategies (or this was directly stated in the
description), then the case was categorized as Re-platforming.

The generated original dataset can be found as an appen-
dix to this study (dataset.xIsx).



Table 1

Detailed information about the metrics of the original dataset

No. | MetricID Metric description Limitation

1 Company | The gctual name of the company specified in the Valid company name of the enterprise
name case in question
It is limited to one of the following industries: Agriculture,
Big Data, Cryptocurrency, E-commerce, Electronics, Financial
5 Company | Branch of economic activity in which the company | Services, Financial Technologies, Government & Public Sector,
industry carries out its main activity Healthcare, Hospitality, IT-Services, Insurance, Logistics, Manu-

facturing, Media & Entertainment, Real Estate, Retail, Software
Engineering, Technology, Telecommunications, other

Limited to one of the following cloud service providers: Amazon
Web Services, Google Cloud Platform, Azure, Google Workspace,
Multi-cloud

3 | Target cloud | Target cloud platform

4 Migration | Implemented strategy for migrating to the cloud It is limited to one of the following definitions: Lift-and-Shift,
strategy | platform Re-platforming, Reengineering
A quantitative metric that reflects a decrease in the
Cost cost of maintaining an information security infra- .
5 - . . - Decimal value as a percentage, greater than or equal to 0
reduction | structure or a decrease in the operating computing
costs of the enterprise
Performance | Quantitative metric reflecting the growth of the
6 improve- | operational productivity of the enterprise’s IS after | Decimal value as a percentage, greater than or equal to 0
ment migration to the cloud
Number of | A quantitative metric that displays the number of
7 cloud ser- | cloud services that were used to perform migration | Integer, greater than 0
vices used | to the cloud
3 Mlgratlon A quantltat%ve n?etrlc that displays the execution Decimal value to two decimal places, greater than 0
time time of a migration to the cloud
9 So.urce Link to the specific case from which the metrics Valid URL
link were taken
. . . . (t+1)
After preliminary data analysis, 60 records with an empty Yj,mis ~ P(Yj |Y_;,0 j), (1)

value for the Migration strategy metric were removed from
the dataset. Records containing empty values in quantitative
indicators were allowed to be analyzed with the available
values but were not taken into account when calculating the
corresponding missing parameters.

To perform the analysis of the presented dataset, the Py-
thon 3.13.3 programming language (Netherlands) was used,
involving specialized modules — pandas, sklearn, and mat-
plotlib.

The pandas module for processing and analyzing data in
Python was used to obtain convenient data structures and
functions for working with tabular information. The main
object used was a DataFrame (a two-dimensional table with
row and column labels).

From the sklearn machine learning module, a set of effec-
tive tools for classification, regression, clustering, dimension-
ality reduction, and model estimation was used.

Matplotlib, a basic Python data visualization module,
allowed for the construction of a variety of charts, as well as
flexible customization of the appearance of plots and integra-
tion with another Python module used, pandas [10].

Data analysis was performed on a personal computer
running Windows 11 (United States) Enterprise version
10.0.26100 Build 2610 with the following hardware:

- CPU - Intel(R) Core (TM) Ultra 7 165H, 1400 MHz,
16 Core(s), 22 Logical Processor(s);

- RAM 32 Gb DDRS5.

To improve the accuracy and reliability of analysis, the
processing of missing values in the data set was performed us-
ing the multiple imputation (MI) method, in particular its im-
plementation based on chain equations (Multiple Imputation
by Chained Equations (MICE) [11], which were described by
the following formula

where Yj(f,;ils) are the imputed values for variable j at t+1
iterations, Y_; are all other variables, 0; are the parameters of the
imputation model for Y;. P is the conditional probability distri-
bution of variable Y;. The corresponding Python implementa-
tion for MICE was IterativeImputer from the sklearn module.

The justification for using this method was the following
assumption: the missing values in the data set arose due to the
non-disclosure policy of the individual organizations whose
successful migration cases were considered. Given the lack
of reason to believe that the fact of omission depends on the
unknown values of the variables under study, such omissions
were categorized as random (Missing at Random, MAR). The
use of this approach allowed us to take into account the un-
certainty caused by missing data, so the results obtained were
interpreted as more reliable and less biased. This allowed us
to more accurately reflect the existing patterns in the data set.

In addition, to ensure statistical stability and reliability of
further analysis, outliers were identified among four key nu-
merical metrics (Cost Reduction, Performance Improvement,
Number of Cloud Services Used, and Migration Time). For
this purpose, a classic non-parametric approach based on the
interquartile range (IQR) was used, which is recommended
for reliable detection of outliers in distributions with potential
asymmetry [12]. Here, a quartile is a statistical value that dit
vides an ordered data set into four equal parts, each containing
a quarter of the observations. The first quartile (Q;) represents
the value below which 25% of the data fall, while the third
quartile (Qs) marks the point below which 75% of the data fall.

For each variable Q; and Qs, quartiles and the correspond-
ing interquartile ranges were calculated

IQR=Q3- Q.



All values that were outside the following range were con-
sidered anomalous
Q:-1.5-IQR; Qs + 1.5 - IQR. )

All anomalous observations were subsequently with-
drawn from consideration.

5. Results of comparative analysis of quantitative
metrics regarding the results of implementing typical
cloud migration strategies

5. 1. Results of forming the empirical base

A corresponding Python script was written
to preview the first 10 rows of the dataset. At the
stage of loading data from the CSV file, parame-
ters were set for encoding ‘cp1252’ and identifica-
tion of column headers through header = 0. After
loading the dataset, the following informative
columns were selected: "Company Name", "Com-
pany industry”, "Migration Strategy”, "Cost Re-
duction, %", "Performance Improvement, %",
"Number of Cloud Services Used", "Migration
time, months". The remaining columns were
discarded because they did not contain relevant
quantitative information within the framework
of this study. The selected data were represented
using the head (10) function, which allowed us
to focus the representation on significant attri-
butes without displaying auxiliary information
about the target cloud and the source of the link.

import os

]

Fig. 1 shows the code of the first Python script. The result is given
in Table 2.

The original dataset contained missing values in the key in-
formation columns "Cost reduction, %", "Performance improve-
ment, %", and "Migration time, months". This significantly lim-
ited the possibilities of further analysis and drawing conclusions
about the effectiveness of the selected migration strategies. There-
fore, it was decided to process the corresponding missing values.

To process missing values in the dataset, the Iterativelm-
puter object from the sklearn module was used, the principle
of which was described by formula (1). Table 3 gives the re-
sults of processing missing values for the first 10 rows of the
dataset. Fig. 2 shows the corresponding Python program code.

import pandas as pd

file_path = r'C:\Users\Viktor_Shutko\Desktop\dataset.csv'
df = pd.read_csv(file_path, encoding='cp1252', header=8, low_memory=False)

selected_columns = |
"Company Name',
'Company industry',
'Migration Strategy',
'Cost Reduction, %',
‘Performance Improvement, %',
"Number of Cloud Services Used',
'Migration time, months'

display(df[selected_columns].head(18))

Fig. 1. Script for reviewing a dataset

Table 2
Overview of dataset.xlsx
Company name Industry Migration Co.st 4 Performance Numb.er of cloud .Migration
strategy used reduction, % | improvement, % services used time, months

Capital Express Manufacturing Re-platforming 94.0 500.0 9.0 1.0

OneMain Financial Financial Services Reengineering 98.8 97.5 5.0 2.0
Altruist Financial Technology | Reengineering 20.0 NaN 3.0 NaN

M1 Finance Financial Services Re-platforming 90.0 NaN 5.0 4.0
Venmo Financial Services Re-platforming 90.0 NaN 1.0 NaN
Coinbase Cryptocurrency Re-platforming 62.0 50.0 2.0 NaN
ElysianNxt Financial Technology | Reengineering NaN 96.0 3.0 NaN
Discover Financial Services Financial Services Re-platforming 35.0 NaN 4.0 NaN
Danske Bank Financial Services Re-platforming 50.0 50.0 3.0 NaN
Zeta Financial Services Reengineering NaN NaN 4.0 NaN

Table 3
Result of processing missing values
Company name Industry Migration Co.st . Performance Numb.er of cloud .Migration
strategy used reduction, % | improvement, % services used time, months

Capital Express Manufacturing industry | Re-platforming 94.00 500.00 9.0 1.00
OneMain Financial Financial services Reengineering 98.80 97.500 5.0 2.00
Altruist Financial technologies | Reengineering 20.00 0.00 3.0 2.03

M1 Finance Financial services Re-platforming 90.00 823.17 5.0 4.00
Venmo Financial services Re-platforming 90.00 692.47 1.0 10.52
Coinbase Cryptocurrency Re-platforming 62.00 50.00 2.0 18.35
ElysianNxt Financial technologies | Reengineering 40.10 96.00 3.0 7.55
Discover Financial Services Financial services Re-platforming 35.00 41.78 4.0 6.92
Danske Bank Financial services Re-platforming 50.00 50.00 3.0 13.15
Zeta Financial services Reengineering 39.41 87.49 4.0 7.38




from sklearn.experimental import enable_iterative_imputer
from sklearn.impute import IterativeImputer

numeric_cols = [
'Cost Reduction, %',
'Performance Improvement, %',
'Number of Cloud Services Used',
‘Migration time, months'

imputer = IterativelImputer(random_state=0, max_iter=50, min_value=0)
df[numeric_cols] = pd.DataFrame(imputer.fit_transform(df[numeric_cols]),
columns=numeric_cols)

selected columns = [
'Company Name', 'Company industry', 'Migration Strategy',
'Cost Reduction, %', 'Performance Improvement, %',
‘Number of Cloud Services Used', 'Migration time, months'

display(df[selected_columns].head(10))

Fig. 2. Script for handling missing values

numeric_cols = |
'Cost Reduction, %',
‘Performance Improvement, %',
'Number of Cloud Services Used',
‘Migration time, months®

def plot _iqr_anomalies(df, column):
ql = df[column].quantile(®.25)
g3 = df[column].quantile(®.75)
igr = g3 - q1
lower_bound = max(@, q1 - 1.5 * iqr)
upper_bound = max(@, g3 + 1.5 * iqr)

The next step for preprocessing the datasets was to
perform anomaly detection on the numeric columns.
The corresponding Python script for anomaly detec-
tion using the approach described by formula (2) is
shown in Fig. 3. The results of removing the detected
anomalies for the metrics Cost Reduction, Perfor-
mance Improvement, Number of Cloud Services Used,
and Migration time are shown in Fig. 4-7, respectively.

Thus, the outliers in all variables were not random
and reflected either extreme values in real migration
scenarios or possible methodological errors that re-
quired separate control. Isolating such outliers was cru-
cial to forming a reliable data set for further analysis.

The Python script to remove all outliers is shown
in Fig. 8.

Thus, after pre-processing the dataset, namely,
handling missing values, detecting, and removing
outliers, a cleaned dataset was generated to perform
the next research task. In this case, the number of re-
cords in the cleaned dataset decreased from 339 to 275.

outliers = df[(df[column]| < lower bound) | (df[column]| > upper_bound)|[column]

plt.figure(figsize=(10, 5))
sns.boxplot(x=df[column], orient="h")

plt.axvline(x=lower bound, color='blue’, linestyle='--', label=f'Lower Bound = {lower bound:.2f}")
plt.axvline(x=upper_bound, color='red’, linestyle="--', label=f'Upper Bound = {upper_bound:.2f}")

plt.title(f'IQR Boxplot: {column}
plt.xlabel(column)
plt.legend()
plt.grid(True)
plt.tight_layout()
plt.show()
for col in numeric_cols:
plot_iqr_anomalies(df, col)

(Anomalies count: {outliers.count()})")

Fig. 3. Python script for detecting outliers
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IQR Boxplot: Performance Improvement, % (Anomalies count: 25)
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Fig. 5. Outliers for the Performance Improvement metric

IQR Boxplot: Number of Cloud Services Used (Anomalies count: 19)
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Fig. 6. Outliers for the Number of Cloud Services Used metric
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numeric_cols = |
'Cost Reduction, %',
'Performance Improvement, %',
"Number of Cloud Services Used',
'Migration time, months'

]

mask = pd.Series(True, index=df.index)

for col in numeric_cols:
gl = df[col].quantile(8.25)
g3 = df[col].quantile(8.75)
igr = g3 - g1
lower = g1 - 1.5 * igr
upper = g3 + 1.5 * igr

col_mask = df[col].isna() | ((df[col] >= lower) & (df[col] <= upper))

mask &= col_mask
df_igr_cleaned = df[mask].reset_index(drop=True)

display(df_iqr_cleaned[numeric_cols])

Fig. 8. Python script to remove detected outliers

import pandas as pd

5.2.Results of assessing the industry distri-
bution and effectiveness of the results from im-
plementing cloud migration strategies

First, it was determined what share in the total
number of cases each migration strategy accounted
for. This allowed us to objectively assess the prev-
alence of different approaches in the analyzed
data set and provided a general picture of the
distribution of migration strategies in all cases.
Fig. 9 shows the corresponding Python script. The
results are given in Table 4.

Next, for each migration strategy, the average
values of four key quantitative indicators were
determined - Cost Reduction, Performance Im-
provement, Number of Cloud Services Used, Mi-
gration time. The corresponding Python script is
shown in Fig. 10. The calculation results are given
in Table 5.

df_iqr_cleaned['Migration Strategy'] = df_iqr_cleaned['Migration Strategy'].str.strip()

strategies = ['Lift-and-Shift', 'Re-platforming’,
counts = df_iqr_cleaned['Migration Strategy'] \

.value_counts() \

.reindex(strategies, fill_value=0)

subtotal = counts.sum()

percentages = (counts / subtotal * 1@8).round(2)

summary = pd.DataFrame({
‘Number of cases': counts,
‘% of total': percentages

'Reengineering’]

i3]
display(summary)
Fig. 9. Python script to determine the share of each strategy
Table 4
Share of each strategy in the total data set
Migration strategy Number of observations Share of total number of observations, %

Lift-and-Shift 109 39.64
Re-platforming 106 38.55
Reengineering 60 21.82

grouped = df_iqr_cleaned.groupby('Migration Strategy')[[

'Cost Reduction, %',
'Performance Improvement, %',

'Number of Cloud Services Used',

'Migration time, months'
1].mean().reset_index()

grouped.columns = [
‘Migration Strategy',
'Avg Cost Reduction (%)',

'Avg Performance Improvement (%)',

'Avg # Cloud Services Used',
'Avg Migration Time (months)'
]
cols_to_round = [
'Avg Cost Reduction (%)',

'Avg Performance Improvement (%)',

‘Avg Migration Time (months)'

1

grouped[cols_to_round] = grouped[cols_to_round].round(2)
grouped[ 'Avg # Cloud Services Used'] = grouped['Avg # Cloud Services Used'].astype(int)

display(grouped)

Fig. 10. Python script for estimating average quantitative indicators of migration strategies



Table 5

Average indicators of migration strategies

Mieration strate Average cost reduction | Average performance improvement | Average number of cloud | Average migration duration
g 8y rate (%) rate (%) services used (months)
Lift-and-Shift 40.06 133.04 4 5.94

Re-platforming 38.18 101.17 4 6.19
Reengineering 42.00 141.66 4 6.28

Based on the preliminary results, it was concluded
that it was impossible to unambiguously differentiate the
quantitative indicators of the respective migration strate-
gies based only on the average values obtained since the
values turned out to be as close as possible to each other.
That is why it was decided to determine the most common
migration strategy in each industry and evaluate its aver-
age results.

Initially, the data were grouped by the combination of
"Company industry” and "Migration Strategy” based on the
entered parameters of frequency, average cost reduction,
average performance improvement, average migration dura-

tion, and average number of cloud services used. Then, the
relative share of each strategy in the corresponding indus-
try was calculated. For each industry, the strategy with the
highest frequency of use was selected, after which the results
were represented in a standardized form with the number
of cloud services used rounded to an integer. The results ob-
tained are given in Table 6.

The corresponding Python script is shown in Fig. 11.

Thus, information was obtained on the dominant strategy
in each of the considered industries, as well as the resulting
average indicators of the results from implementing the cor-
responding migration strategy.

Table 6
Sectoral distribution of migration strategies and average indicators of their effectiveness
Industy Migrtion | Selection | Average cost | WEEIEEC | B ies
strategy frequency, % reduction, % ment, % duration, ms used

Agriculture 1 100.00 50.00 197.00 8.48 4
Big Data 2 100.00 36.75 49.00 7.45 4
Cryptocurrency 2 100.00 45.12 173.84 7.27 3
E-commerce 1 50.00 24.31 55.00 3.00 3
Electronics 1 50.00 30.00 0.00 5.67 7
Financial Services 2 51.79 37.91 89.49 6.42 4
Financial Technology 3 47.06 44.46 176.27 6.76 3
Public Sector 1 75.00 34.72 48.79 5.33 8
Healthcare 1 45.00 37.49 82.43 6.11 5
Hospitality 1 66.67 35.32 65.00 5.16 5
IT Services 2 55.56 39.94 140.50 4.71 5
Insurance 1 44.44 35.97 49.71 6.95 4
Logistics 1 50.00 34.00 39.65 6.52 4
Manufacturing 2 50.00 36.53 75.51 6.05 4
Media & Entertainment 1 40.00 34.96 55.02 5.30 5
Other 1 46.51 41.02 170.43 5.81 4
Real Estate 1 83.33 50.75 239.69 7.48 4
Retail 1 60.00 44.15 143.11 8.00 3
Software Development 2 40.91 40.43 110.86 6.86 4
Technology 1 55.00 37.11 128.62 4.19 6
Telecommunications 1 75.00 47.47 237.81 5.49 4




import pandas as pd

strategy mapping = [
‘Lift-and-shift': 1,
'Re-platforming’: 2,
'Reengineering’: 3

df_iqr_cleaned| 'Migration Strategy'] = df_iqr_cleaned|'Migration Strategy'].replace(strategy mapping)

agg = (df_iqr_cleaned.groupby([ 'Company industry', 'Migration Strategy'])
-agg(
freq=('Migration Strategy', 'size'),
avg_cost=('Cost Reduction, %', 'mean'),
avg_perf=('Performance Improvement, %', 'mean'),
avg_time=('Migration time, months', 'mean'),

avg_services=('Number of Cloud Services Used', 'mean')).reset_index())

industry totals = (
df_iqr_cleaned
.groupby('Company industry"')
.size()
.rename( "total")
.reset_index()
)
agg = agg.merge(industry_totals, on='Company industry")
agg[ 'freq_pct'] = agg['freq'] / agg[ 'total'] * 100

a
idx = agg.groupby( Company industry')['freq'].idxmax()
top_strategies = (
agg
.loc[idx, ['Company industry','Migration Strategy','freq_pct',
'avg_cost',"avg perf','avg time','avg_services']]

.rename(columns={
‘freq_pct': 'Pick rate, %',
'avg_cost': 'Avg Cost Reduction, %',
"avg_perf': ‘Avg performance Improvement, %',
‘avg_time': 'Avg Migration Time, months®,

"avg_services': 'Avg Cloud Services Used'
}).reset_index(drop=True))

cols_to_round = [
'Avg Cost Reduction, %',
'Avg Performance Improvement, %',
'Avg Migration Time, months',
'Pick rate, %'

top_strategies[cols_to_round] = top_strategies[cols_to_round].round(2)
top_strategies['Avg Cloud Services Used'] =

top strategies['Avg Cloud Services Used'].astype(int)
top_strategies['Migration Strategy'] =

top_strategies['Migration Strategy'].astype(int)

display(top_strategies)

b

Fig. 11. Python script for cross-industry assessment of average cloud migration
strategy outcomes: a — data aggregation; b — identification of dominant strategies

in each industry

6. Discussion of results based on the comparative
analysis of quantitative metrics of the results from
implementing cloud migration strategies

During the study, a systematic collection, normalization, and
processing of empirical data from 339 successful cases of cloud
migration of IS was performed (Fig. 1-8, Tables 2, 3). A cleaned
sample was formed, which included 275 observations, for which
quantitative indicators such as cost reduction, performance
improvement, number of cloud services used, and migration
duration were determined. The results show an almost even dis-
tribution between the Lift-and-Shift (39.64%) and Re-platform-
ing (38.55%) strategies, reflecting the balance between the speed
of implementation and the level of optimization (Fig. 9, Table 4).
The Reengineering strategy was used less frequently (21.82%)
but provided the highest average cost reduction (42%) and per-
formance improvement (141.66%), indicating the potential for
deep architectural transformation (Fig. 10, Table 5). This differ-

ence can be explained by the fact that
Lift-and-Shift prefers industries with
a high level of regulatory requirements
and minimal tolerance for change. At
the same time, Re-platforming and
Reengineering are characteristic of
technologically advanced sectors that
demonstrate greater flexibility and in-
novation. Additionally, it was found
that the average number of cloud ser-
vices is the same for all strategies and,
apparently, does not act as a differential
feature, indicating the dominance of
industry or corporate policy in the im-
plementation of migration.

As a result of the cross-sector
analysis of cloud migration strate-
gies (Fig. 11, Table 6), a clear relation-
ship was revealed between the chosen
strategy and the industry affiliation
of the company. This allowed us to
formulate a reasoned position on the
contextual feasibility of applying each
of the approaches, substantiated by
empirical data.

In industries with a high degree of
regulation, requirements for service
continuity and inherited architectural
inertia — such as Healthcare (45%), In-
surance (44.44%), Government & Pub-
lic Sector (75%), Logistics (50%)
and Telecommunications (75%) - the
Lift-and-Shift strategy was prefer-
red (Table 6). In these cases, compa-
nies chose a minimal change approach
to ensure guaranteed access to critical
data, minimize the risk of losing regu-
latory compliance, and avoid full-scale
intervention in the existing infrastruc-
ture. At the same time, technolog-
ically advanced industries, such as
cryptocurrency, IT-Services, Software
Engineering, Financial Technologies,
and Big Data, demonstrated a clear
advantage over Re-platforming or Re-
engineering strategies.

In particular, in the cryptocurrency sector, 100% of com-
panies implemented Re-platforming, achieving an average
performance improvement of 173.84% with cost savings
of 45.12%. In the financial technology sector, the Reengineer-
ing strategy dominated (47.06%), which allowed it to achieve
an average performance improvement of 176.27% (Table 6).
The use of these strategies was logical for industries with
a high rate of innovation development, where a deep archi-
tectural restructuring ensured adaptability, scalability, and
technical synergy with the chosen cloud platform.

An interesting pattern was also revealed by industries that
were in the transitional phase of technological adaptation —
retail (Retail), real estate (Real Estate), technology (Technology).
Despite the dominance of the Lift-and-Shift strategy in these
sectors, companies achieved significant performance im-
provement. For example, the real estate industry demonstrat-
ed the highest average performance improvement among all
analyzed categories (239.69%) with the dominance of the Lift-



and-Shift strategy (83.33%) (Table 6). This result suggested
that even a relatively technologically simple migration strat-
egy can provide a significant effect in the case of a favorable
initial architecture or when transitioning from fragmented
on-premises solutions to a single cloud model.

Our results are attributed to the structure of the dataset
and the industry context of migrations. The dominance of
Lift-and-Shift in sectors with strict regulation and increased
requirements for continuity is explained by low tolerance for
architectural changes and the need to quickly transfer loads
with minimal risk. In contrast, higher average indicators
for Reengineering in technologically dynamic industries are
quite expected. The management of such enterprises usually
recognizes the importance of implementing modern informa-
tion technologies and is ready to invest appropriate resources
in order to obtain long-term benefits. In addition, the nor-
malization and standardization of the initial case descriptions
reduced variability and made visible inter-sectoral differences
that may remain unnoticed in unsystematized reports. Unlike
the classification proposed in [2], where migration strategies
were differentiated by IaaS, PaaS, and SaaS service models
without quantitative selection criteria, the proposed approach
formalizes the differences between strategies. This was made
possible by calculating quantitative cross-sectoral indicators,
as well as by using MICE imputation to handle missing values
and remove outliers to increase the reliability of the calcula-
tions. At the same time, unlike the Al-based framework in [3],
which required significant amounts of data and highly skilled
machine learning specialists, the proposed method verifies key
indicators directly on empirical cases. This is made possible by
using standardized pre-processing procedures and analytical
Python scripts. The difference from the formal mathematical
models of comparative assessment in [4] is the use of not only
financial metrics, but also performance metrics and migration
duration. This is made possible by cross-sectoral analysis of
trends and the identification of dominant strategies for each
industry, which provides practical recommendations for spe-
cific business conditions. In addition, unlike the approach
in [5], which relied on subjective weighting through AHP
and Delphi procedures, this study used objective quantitative
metrics. This is made possible by standardizing the collected
indicators and an automated data aggregation procedure.
Compared to the k-means clustering approach in [6], which
remained conceptual due to the lack of specific thresholds for
assessing effectiveness, the resulting approach combines data
processing with cross-sector analysis to form generalized rec-
ommendations. This is made possible by obtaining numerical
criteria for each considered industry from the dataset. Unlike
the integration of complex AI algorithms in migration planning
in [7], the proposed approach optimizes the choice of strategy
through empirical verification on a cleaned dataset without
using complex models. This is made possible by a two-step
procedure - imputation and anomaly removal and cross-sec-
tor analysis of the results. Finally, unlike the S/4HANA
Cloud migration approach in [8], the proposed approach is
provider-neutral and scalable across economic sectors. This
is made possible by using a unified set of quantitative metrics
and a cross-sector empirical base. First, it reduces the depen-
dence on a specific cloud platform, which increases the versa-
tility of the proposed approach. Second, it allows for making
informed conclusions based on average values in a group of
observations in the relevant industry, which reduces the con-
tribution of individual (sometimes anomalous) cases to the
formation of general conclusions.

Overall, the advantages of the proposed solution are
provided by the combination of cloud provider neutrality,
quantitative unification, and transparent data pre-processing
procedures. The use of consistent metrics made it possible to
make reproducible comparisons between strategies. Impu-
tation of missing values using the MICE method under the
MAR assumption and outlier detection based on IQR reduced
the impact of incompleteness and anomaly of records. Textual
normalization of case descriptions increased the correctness
of the assignment to Lift-and-Shift, Re-platforming, or Re-
engineering. Together, this resulted in industry-specific ranges
suitable for strategic planning.

The previously identified lack of standardized classi-
fication and the advantage of conceptual approaches are
compensated within the proposed solution by empirically
based, transparently obtained industry distributions. Thanks
to the unified metrics and cloud provider neutrality, the sub-
jectivity of recommendations is reduced. The availability of
quantitative comparable indicators allows for the transition
from conceptual models to practical ones, taking into account
certain assumptions.

The limitations of our study relate to the nature of the
sources and statistical assumptions. The sample was formed
from publicly available descriptions of mostly successful mi-
grations, which creates a risk of bias towards positive results;
unsuccessful or partially implemented projects are not repre-
sented. Imputation of omissions and filtering of outliers are
correct provided that the omissions are random and the dis-
tributions are statistically stable, and in case of deviations the
accuracy of the estimates may decrease. The distribution of
cases according to strategies retains the risk of error in hybrid
or phased scenarios. Universality is limited by the analyzed
industries and available instances: if new strategies appear or
changes in the sectoral structure occur, the model needs to be
recalibrated and generalizability re-tested.

The shortcomings of the study are due to the limited
completeness and depth of the data and the lack of analysis
of causal relationships. There is no information on the full
scale of IS, the criticality of loads, the level of organizational
maturity and regional specificity, which complicates the in-
terpretation of the differences found outside the data set. The
cross-sectional nature of the observations does not allow us
to separate the effects of the strategy from the accompanying
managerial and technological decisions, and also does not
cover long-term indicators, such as, for example, the total cost
of ownership several years after migration.

Prospects for further scientific development are outlined
in several key areas. First of all, it is advisable to expand the
empirical base of the study by including open source cases,
analytical materials prepared for business needs, as well as
reports from consulting companies. A further important step
should be to stratify the collected data by enterprise size and
regional affiliation, which will allow identifying jurisdictional
and structurally determined differences in the application of
migration strategies. It is also important to integrate machine
learning methods in order to build predictive models capable
of generating recommendations for choosing the optimal
strategy based on the characteristics of the initial state of the
IS. Special attention should be paid to the construction of for-
malized models for assessing migration-related risks for each
of the strategies. Such models should cover not only techni-
cal aspects but also organizational factors, in particular, the
transformation of the cost structure, the level of professional
training of personnel, as well as potential threats to data loss.



7. Conclusions

1. In the course of building an empirical base, a homoe
geneous sample of 275 records was formed (a 19% reduction
in the original volume), within which missing values were
imputed using the MICE method with chain equations, and
outliers were removed using the interquartile range criterion.
This approach ensured increased data reliability and created
a basis for the application of quantitative analysis methods
without distortions caused by outliers or missing information.

2. During our analysis and evaluation of the effectiveness of
migration strategies, it was determined that Lift-and-Shift was
used in 39.64% of cases, Re-platforming - 38.55%, and Re-engi-
neering — 21.82%. The average cost reduction rates were 40.06%,

plying each strategy was established: Lift-and-Shift dominated
in a sector with strict regulatory requirements, while Re-plat-
forming and Re-engineering were prioritized in innovative
industries. These results allowed us to empirically substantiate
recommendations for choosing a migration strategy depending
on the domain specificity of the business.
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