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Abstract: Technical debt (TD) acts as the silent killer in massive, integrated SAP ecosystems and is often the main reason projects crash

and burn. We simply can’t afford to be reactive anymore; we need to get ahead of the problem with Predictive Technical Debt Management

(PTDM). This paper proposes a PTDM framework that uses Artificial Intelligence (Al) to handle three critical jobs: predicting what will

break, prioritizing what to fix, and keeping the deployment line moving. We use a binary classification model (Algorithm 1) to guess the
odds of an ABAP object failing, and we apply Natural Language Processing (NLP) to support tickets to figure out which bugs are actually
hurting the business (Algorithm 2). By wrapping this in a Continuous PTDM Loop (Algorithm 3), we automate the creation of remediation

tasks. Our operational case studies like an S/4AHANA migration triage and continuous performance forecasting (Algorithm 4) show that

this Al-driven approach speeds up custom code cleanup and stabilizes the system by calculating the "interest rate" of debt before it becomes
too expensive to pay off. We wrap up by discussing future research into Deep Learning for semantic debt detection and managing debt in

cloud-native SAP landscapes.
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1. Introduction

Think of technical debt as a credit card for software engineering.
Developers and architects choose a quick, expedient solution over
the robust, long-term one, creating an obligation the "debt" that has
to be "repaid" later through rework [1]. If you don't pay it, the
"interest" piles up in the form of higher maintenance costs and
reduced agility. In large-scale SAP ecosystems, this happens faster
because of the monolithic nature of ERP systems, the quirks of
proprietary languages like ABAP, and the business criticality of
the embedded processes [2]. If left unmanaged, this debt drives
project failure, massively increasing the cost and time needed for
mandatory upgrades like S/AHANA migrations [3][4].

1.1. Technical Debt Classification in SAP Contexts

To manage this effectively, we can't rely on simple descriptions;
we need a detailed classification framework. This debt is deeply
tangled in the layered structure of SAP systems, messing with
everything from configuration and customization to integration
and data management [5].

1.2. Technical Debt Classification in SAP Contexts

Historically, managing technical debt in SAP has been a waiting
game purely reactive. We usually only spot trouble after the fact,
relying on static code warnings, busted transports, alerts from
monitors like STO3 or STOS, or in the worst-case scenario actual
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production crashes [6]. This method is essentially putting band-
aids on symptoms instead of curing the disease, which inevitably
leads to expensive, panic-mode fixes. Enter Predictive Technical
Debt Management (PTDM), which completely flips the script.
PTDM leverages heavy-hitting statistical models and machine
learning to dig through mountains of historical SAP data
everything from source code metrics and transport logs to defect
reports and resource usage to forecast debt before it piles up [7].
The goal is simple: calculate the "interest rate" on specific custom
objects and suggest refactoring now, before the cost of paying it
back becomes unbearable. To do this, we need models capable of
handling SAP’s quirky data structures, turning proprietary ABAP
code and system logs into hard numbers that machine learning can
actually use [8]. When PTDM works, it lets organizations stop
spending their budget on firefighting and start spending it on
building valuable new features. You can see how these dimensions
impact the SAP ecosystem in the Fig.1 below.

Table 1. Technical Debt Classification in SAP Contexts

Category IDescription IExamples in SAP/ABAP

Code Debt Issues related to non-Non-use of ABAP-OO, outdated
standard or poorlysyntax, unoptimized database
loptimized access (e.g., SELECT * without
[programming practices. filtering), complex and hard-to-

read reports.

Design Debt  [Suboptimal Over-customization where
larchitectural decisionsjstandard configuration would
that make the systerszufﬁce, poor module separation,
brittle or difficult toftightly coupled custom
lextend. enhancements to standard SAP

transactions.

Test Debt Insufficient or low-Lack of Unit Tests for ABAP
quality automatediclasses, insufficient end-to-end
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Cost Increase
Dimension Higher bug-fixing time

Mandatory
upgrades effort

® Glls

testing coverage forfregression test scripts for critical

Risk Increase
System downtime,
vulnerabilities
Agility Decrease

Slower feature delivery

custom developments. |[business processes.

DocumentationLack of up-to-date andMissing functional specifications
Debt accurate documentationjfor custom transactions, outdated
for custom objects andjinterface documents for BAPIs or

interfaces. OData services.

Fig 1. Impact of Dimension on SAP Ecosystem

The primary objective of this review is to:

e  Systematically categorize the distinct forms of technical
debt inherent to the SAP development ecosystem,
particularly within ABAP and related customizing layers.

e  (ritically examine and synthesize the state-of-the-art
applications of machine learning, NLP, and time-series
analysis for the quantification, prioritization, and
forecasting of SAP technical debt.

e  Qutline comprehensive architectural frameworks and
operational case studies demonstrating the successful
deployment of Al-driven PTDM systems within
continuous SAP development pipelines.

The remainder of this paper is organized as follows: Section 2
details the Al and ML techniques for technical debt quantification,
focusing on predictive models and Natural Language Processing
(NLP) for effective prioritization. Section 3 presents deployment
frameworks for continuous monitoring, supported by practical
SAP case studies. Section 4 discusses the current challenges and
future prospects for Al-leveraged debt management in evolving
SAP architectures. Section 5 provides a conclusion by
summarizing key findings and reaffirming the significance of
Predictive Technical Debt Management (PTDM).

2. Evolution of Software Testing Methodologies

Deploying Al gives us the analytical horsepower needed to churn
through the millions of lines of custom code and configuration data
that make up a massive SAP landscape [9]. The hardest part is
taking the qualitative, fuzzy idea of "debt" and turning it into
quantifiable, predictable metrics.

2.1. Machine Learning Models for Debt Prediction

To build these predictive models, we typically extract a wealth of
features directly from the SAP development repository [10]. We
generally split these into static code attributes (think complexity)
and dynamic change history. The goal of the ML task is usually to
predict if a specific piece of code is prone to failure or if it's going
to be a high-maintenance nightmare [11]. For example, a multi-
national logistics provider wanted to stop legacy ABAP changes
from introducing new defects (Algorithm 1). They set up a binary
classification model to guess whether an ABAP program would
cause two or more production incidents within six months of going
live [12]. We often use ensemble methods like Gradient Boosting
Machines (GBM) or Random Forest for this, simply because they

are robust enough to handle feature collinearity and great at
spotting non-linear relationships between the metrics and the bugs.
The output is the probability P(Incident|X), where X is the feature
vector:

P(Incident|X) = AGBM(X)) (€))
Evaluating success isn't just about accuracy; the real key is the
"Lift." This metric tells us how much better the model is at spotting
that crucial high-risk 10% of objects compared to simply making
a random selection [13].

Algorithm 1: ABAP Defect-Proneness Prediction

Function Train_Defect_Predictor(Diyain, Tiabel)
Input :
Dyyain: Historical dataset of ABAP objects with features and past incidents
Tiaber: Time window for observing production incidents (e.g., 6 months)
Output :
M: Trained Machine Learning Model

1 : For each object 0 € Dy,indo

2: o.Features «+ [CyclomaticComplexity(o), ChurnRate(o), WMC(o), .. .|
3: o.Label + (Count_Incidents(o, Tiape) = Threshold)?1 : 0

4 : EndFor

5 : Initialize M (e.g., Random Forest Classifier)

6 : Train M on (Dyy,i,.Features, Dy, .Label)

7:Return M

Function Predict_Debt_Risk(M, Oyey)
Input :
M: Trained ML Model
Ohew: Set of ABAP objects to be scored
Output :
Oscorea: Objects with assigned technical RiskProbability
: For each object 0 € Opedo
o.Features < [CyclomaticComplexity (o), ChurnRate(o), WMC(0), .. .]
: EndFor
: Pyore < M .Predict_Probability(O,..Features)
:Fori=1to |O,ey|do
Ohpew|i].RiskProbability < Pycore[i]
: EndFor
: Return O,y

00 J & U = W N =

2.2. Natural Language Processing for Debt Prioritization

While code metrics tell us where the debt is hiding, NLP helps us
figure out why it matters and when we should tackle it [14]. The
unstructured text inside SAP like support ticket descriptions,
change request stories, and random developer comments is full of
the crucial business context we need to prioritize effectively [15].
This method connects the severity of reported problems (pulled
from the text) directly to the underlying technical debt (the code
object) to calculate a weighted risk score, as detailed in Algorithm
2. The Composite Risk Score Rg omPOsite for an object o integrates
predictive modeling with business context:

RSP = 2, . P(Incident,) +

/12 . ZdeDo (Severi tya - ImpaCtWEig htbusiness area) (2)

where A; and 4, are weighting factors, and ImpactWeight reflects
the criticality of the business process linked to the object (e.g.,
Financial reporting >> internal utility report).

3. Deployment Frameworks and SAP
Implementation

Operationalizing PTDM takes more than just training a precise
model; it demands an integrated, continuous framework capable of
ingesting real-time data from the live SAP environment and
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pushing actionable insights directly back into the development
process [16]. A modern PTDM framework effectively functions as
a continuous feedback loop (Algorithm 3), ensuring that
predictions rely on the most current development reality and that
we use the results of refactoring efforts to refine the models. This
continuous architecture, shown in Fig 2, ensures that prediction
models don't drift over time as development habits or the
underlying SAP system evolve [17]. The strategic value of PTDM
is perhaps best seen in high-stakes SAP projects, especially those
involving massive system transformations. Table 2 breaks down
the essential data sources in the SAP ecosystem and details how
raw data transforms into the predictive features used by Al models
in this continuous monitoring architecture [18]. Meanwhile, Table

architects had already classified. They looked at features like the
count of obsolete function calls and the history of OSS notes
applied to the code. The model aimed for a four-class target: No
Change Required, Minor Fix, Major Rework, or Retire Object
[20][21].

. Result: The model hit an accuracy of 85% across those
20,000 objects. By directing the architects to focus only on the
top 15% predicted as "Major Rework" or "Retire Object," they
sped up the remediation phase by 35%. This significantly cut
down project duration and costs compared to a traditional, line-
by-line review.

Table 2. Data Sources and Feature Mapping in the Continuous

3 shows how we translate these Al-quantified metrics into PTDM Framework
practical, actionable tasks integrated into the SAP development
- SAP Data IData Primary IAI Application/Output
lifecycle
Algorithm 2: Composite Technical Debt Risk Scoring Source Type/Location|Features
Function Calculate_Business_Impact(Dyickets; Wimpact, Teritical) Extracted
Input :

Diickets: Corpus of linked support tickets d

SAP Repository |[ABAP Source [Complexity Static Code Debt Score,

Winpact: Weight map for business areas (e.g., Finance, HR) (SE80) Code (TADIR) [(CC, WMC),  [Code Quality Risk.

Teriticar: List of critical terms (e.g., 'downtime’, 'urgent’)

Output : Coupling

Oieoved w'ith aggregated BusinessImpact (CBO), LOC.
1 : For each ticket d € Dy;cxersdo
2:  d.TermScore « Calculate TFIDF_Score(d.Text, Tesitical) Transport Transport Churn Rate,  [Change Risk, Object
3 d.SeverityScore <— NLP_Sentiment_Analyzer(d.Text)
4: d.ImpactWeight < Wiypact[BusinessArea(d)] Management Metadata, Code Age, \Volatility Score.
5 : EndFor

™ rsion Recen f
6 : For each object o linked to ticket ddo S S) |Versio eeency o
% o.BusinessImpact z (d.SeverityScore - d.TermScore - d.ImpactWeight) History Change, Bus
deD,
8 : EndFor [Factor.
9 : Return Ogeoreq
Production Logs [Runtime Error IPerformance Debt
Prioritization ML Prediction (ST22, ST03)  |Errors, Frequency, Score, Defect Ground
Al "“;'Sf: Fmpact pf,igf,:ﬁff :,‘ﬁ,'ief?én Performance |[Mean Response (Truth (Training Label).

Traces Time (MRT),
Feature
Action Integration Engineering Buffer
Calculate complexity
Create pnormzeq tasks and temporal metrics L .
inALM Utilization.
Implement — .
icti ata Processin . .
Predictive 9 ALM/Support  [Support Ticket [Keywords Business Impact Score
Management Clean, normalize, and
Feedback Loo timestamp data . . . .
4 System (Jira, Text, Severity |(‘critical’, (via NLP).
Collect remediation
effort and defects
SolMan) Tags 'urgent'),
Business
Unmanaged Data Extraction Proactive Debt Process
Technical Debt Collect data from SAP Management
High risk, K eff systems Reduced risk, efficient
igh risk, rework effort refactoiing Category.
Fig 2. Predictive Technical Debt Management Flow Case Study 2: Continuous Performance Debt Forecasting
. Context: A global e-commerce firm relying on SAP for

Case Study 1: S/4AHANA Migration Debt Triage

. Context: A major European utility company was in the
middle of a massive, multi-phase S/4AHANA migration. They
were staring down a backlog of over 20,000 custom ABAP
objects, every single one needing validation for compatibility
[19].

. Methodology: Instead of slogging through every object
manually, they trained a Neural Network (specifically a Multi-
Layer Perceptron) on a sample of 3,000 objects that senior

order fulfillment, where performance stability is absolutely
critical. The system was prone to intermittent slowdowns caused
by custom database queries [22].

. Methodology: They built a specialized model to forecast
"Performance Debt," as outlined in Algorithm 4. Features were
pulled from the SAP System Measurement tool (ST03),
focusing on database access time and buffer utilization for
custom T-codes. They trained a time-series model (like Prophet
or ARIMA) to predict when the Mean Response Time (MRT)
for key transactions would breach the SLA threshold within the
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next 30 days [23][24].

. Result: The model offered a 7-day advance warning with
high confidence (RMSE < 0.1 seconds) whenever performance
debt was about to turn critical. This gave the Basis and ABAP
teams enough time to schedule preemptive tuning and
refactoring for the specific code objects, ensuring the system
remained stable during peak shopping seasons.

Algorithm 3: Continuous Predictive Technical Debt Management
(PTDM) Loop

Function Run_Continuous_PTDM_Cycle(M, DB, S)
Input :
M: Trained ML Model, D B: Configuration Database, S: Set of SAP systems
Output :
Refactoring_Tasks: Tasks created /updated in ALM system

: Oan < Get_Custom_Objects(S.Repository)
: Tiogs < Get_Transport_History(S.STMS)
¢ Dincidents < Get_Incident_Tickets(S.ALM)
: Ofeatures < Calculate_All_Features(Oan, Tiogs)
: Oyisk +— Predict_Debt_Risk(M, Ogeatures) // Algorithm 1
: Ofinal < Calculate_Business_Impact(Orisk, Dincidents) // Algorithm 2
: Brankea ¢ Prioritize_Debt_Backlog(Ogna) // Algorithm 2
: Bactionable <— Filter(Byaked) where o.CompositeRiskScore > D B.RiskThreshold
: For each object 0 € B, ionabledo
10: If o.RefactoringTask = Null or Status(o.RefactoringTask) = Closedthen
i 5 B TaskID ¢+ Create_ALM_Task(o.Name, o.CompositeRiskScore,”High Tech
12: Log_Action(”Created task ID TaskID for ”o.Name)
13: EndIf
14 : EndFor

15 : If Time_for_Retrainingthen

16 :  Dyey train < Collect_New_Labels_And_Features(Resolved_Refactoring Tasks
17: M « Train_Defect_Predictor(Dyey train)

18 : EndIf

19 : Schedule_Next_Run()

W0 NG R W N

Algorithm 4: Performance Debt Time Series Forecasting

Function Forecast_Performance_Debt(Myodels; SLA thresholds Hrorecast )
Input :
M, 04e15: Time Series models (e.g., ARIMA) for each transaction
SLA reshola: Max allowable Mean Response Time (MRT)
Hiyrecast: Forecast horizon (e.g., 7 days)
Output :
Performance_Alerts: List of transactions predicted to violate SLA

1 : Performance_Alerts < ()
2 : For each transaction ¢ with model M; € M,,o4.sdo
3:  Fypper ¢ M;.Forecast_Upper_Bound(Hoecast; ConfidenceLevel = 90%)
4: If Max(F“ppﬂ) > SLAhresholathen
By Viate < First_Date_of_Violation(Fypper, SLA threshold)
6: Ocode +— Get_Primary_ ABAP_Object(t.Name)
T Alert < (0code; Vaate, "Predicted SLA Violation” , Max(Fpper))
8: Performance_Alerts. Add(Alert)
9: EndIf
10 : EndFor

11 : Return Performance_Alerts

Table 3. Mapping Al Predictive Output to Development Actions

Composite Weighted  |Rcomposite > [Mandatory

Risk Score total risk 0.80 AND Refactoring Epic:

(Rcomposite) (Tech + High Code  [Scheduled for the
Business Age. next development
Impact, Alg sprint.
2).

Estimated IPredicted ERE < 5 days [Developer Quick Fix

Rework Effort person-days |AND CC is
(ERE) needed for  |high.

Task: Assigned for
immediate, localized

refactoring. code cleanup.

SLA Violation [Predicted Viate < 14 days [Preemptive

Forecast (Vaate) [date MRT  |in advance.  [Performance Tuning

exceeds |Alert: Notification to
[performance Basis/ABAP teams
threshold for immediate

(Alg 4). analysis.

Predictive Key Action Development
Metric/OutputDefinition |Trigger Action/Integration
Condition Point

Technical Risk [Probability  [Pmcident > 0.75 |Automated Unit Test

(Prncident) of future IAND Low Task (ALM): Priority

defect (Alg |[Test creation of missing

1). Coverage. tests.

4. Challenges and Future Prospects in PTDM

Even with these success stories, rolling out Al for PTDM across
the board is no walk in the park; it faces serious technical and
organizational friction, largely due to data governance and the
specific eccentricities of the SAP environment [25]. The road to a
fully automated, trustworthy PTDM system is paved with
obstacles, most of which are amplified by the proprietary nature of
SAP’s technology. Future research really needs to double down on
making these models smarter, pushing for a semantic
understanding of code and leaning into the transition toward cloud-
native SAP development [26].

4.1. Future Prospect-1: Deep Learning for Code Embeddings
and Semantic Debt Detection

A major weakness of our current models is that they lean too
heavily on simple code metrics. Advanced Deep Learning (DL)
methods, especially those built for understanding programming
languages, can actually grasp the semantic meaning and structural
patterns that signal poor design [27].

. Method: We employ Transformer models think BERT
for code, like CodeBERT to process the Abstract Syntax Tree
(AST) paths of ABAP code, as illustrated in Fig 3. This process
spits out a code embedding: a dense vector that mathematically
captures the code's quality, style, and structure.

. Advantage: The real beauty here is that these
embeddings allow the model to spot subtle forms of debt like
design patterns that might be technically complex but
structurally flimsy that traditional metrics like Cyclomatic
Complexity fly right over. These vector representations can then
be used directly for anomaly detection or serve as powerful
features in a downstream classifier.
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Fig 3. Abstract Syntax Tree (AST) paths of ABAP code

4.2. Future Prospect-2: Debt Management in Hybrid and
Cloud Native SAP Landscapes

As we migrate custom logic from the old-school, on-premise
ABAP stack to the SAP Business Technology Platform (BTP)
using cloud-native services like Node.js, Java, CAP, and Fiori/UIS5,
we are introducing new headaches: Microservice Debt and API
Debt [28]. Getting a handle on these new forms of debt will
eventually help us rein in the current limitations of PTDM, as
outlined in Table 4.
. Microservice Debt: We need to build PTDM models that
can measure things like the "Goldilocks" size of a microservice,
how often deployment changes ripple across service
dependencies, and just how tangled the service mesh has
become [29].
. API Debt: The focus here shifts to predicting the actual
cost of keeping external-facing APIs alive. We’ll be looking at
metrics like versioning complexity, how well they stick to
REST/OData standards, and the historical rate of breaking
changes [30].
. Cross-System Debt: Future research needs to tackle the
debt that lives in the gaps between systems like inconsistent data
models between the legacy SAP backend and the new BTP
persistence layer. This is going to require graph-based Al
models to map out and prioritize these interconnected mess.

Table 4. Major Challenges and Future Research Opportunities in
Automation Software

Challenge Area |Description Impact on Al

Model Training

Data Silos and  [Critical data (e.g., custom [Difficult to

Proprietary configuration details, integrate with

Nature change documents) is external ML
locked within SAP's platforms;
proprietary tables and requires
structures. specialized

iconnectors or
direct ABAP

extraction.

Lack of Ground [Defining what constitutes (Training labels

Truth Data "bad debt" is subjective. |("debt/no debt")

are often

High complexity doesn't

always equal high cost.

inaccurate or
lbased on weak
proxies (e.g.,
simple bug count
Ivs. actual rework

effort).

Model Business users and SAP  [Complex models
Interpretability [functional consultants (Deep Learning,
(XAI) need to trust the Al's IRandom Forest)
[prioritization. are black boxes,
making it hard to
explain why a Z-
[program is high-
risk.
Organizational [The conflict between ILeads to models
Resistance delivering new features  |being ignored or

and repaying debt (which

provides no immediate

business value).

lbudget for

refactoring being

continuously cut.

5. Conclusion

This review successfully established a comprehensive framework
for Predictive Technical Debt Management (PTDM), proving that
Al is crucial for sustainably managing custom code within the
complex SAP environment. The real contribution here is the
seamless operationalization of diverse Al techniques including
defect probability modeling (Algorithm 1), business-
contextualized risk scoring (Algorithm 2), and time-series
performance forecasting (Algorithm 4) into a single, reliable
Continuous PTDM Loop (Algorithm 3). This structure shifts
technical debt management from reactive, intuition-based
firefighting to a data-driven, cost-avoidance strategy, providing
tangible benefits in project velocity and system stability. Looking
ahead, the focus must shift to overcoming current limitations like
data silos and the lack of reliable ground truth labels. We need to
develop advanced models capable of semantic code understanding
(Deep Learning) and extend the framework to address new forms
of debt, such as Microservice and API debt, in emerging Cloud-
Native SAP Landscapes.

Acknowledgements

We thank our colleagues from Eficens System, who provided
insight and expertise that greatly assisted the research.

Author contributions

Vamsi Krishna Talasila: Conceptualization, Methodology,
Software, Field study, Data curation, Writing-Original draft
preparation, Visualization, Investigation, Writing-Reviewing and
Editing.

International Journal of Intelligent Systems and Applications in Engineering

ISAE, 2026, 14(1s), 89-95 | 93



Conflicts of interest

The authors declare no conflicts of interest.

References

(1]

(2]

(4]

[3]

(6]

(7]

(8]

[10]

[11]

M. Muthusamy, Cloud-Native AI metrics model for
real-time banking project monitoring with integrated
safety and SAP quality assurance, International Journal
of Research and Applied Innovations, 7(1), 2024,
10135-10144.

B.K. Pandey, A. Tanikonda, S.R. Peddinti, and S.R.
Katragadda, Ai-driven methodologies for mitigating
technical debt in legacy systems, Journal of Science &
Technology (JST), 2(2), 2021.

J.S. Prabakaran, Cognitive Cloud Framework for AI-
Assisted SAP Financial Modernization and Database
Reliability Testing, International Journal of Engineering
& Extended Technologies Research (IJEETR), 7(5),
2025, 10559-10564.

L.A. Baumann, Responsible Al and Intelligent
Automation for Enterprise Cloud Platforms A Software
Defined and Sensor Aware Framework for SAP HANA
Maintenance and Governance, International Journal of
Research Publications in Engineering, Technology and
Management (IJRPETM), 6(4), 2023, 9001-9005.

D. Albuquerque, E. Guimaraes, G. Tonin, P. Rodriguezs,
M. Perkusich, H. Almeida, A. Perkusich, and F. Chagas,
Managing technical debt using intelligent techniques-a
systematic mapping study, IEEE Transactions on
Software Engineering, 49(4), 2022, 2202-2220.

A.K. Aleti, Reinforcement Learning Driven Adaptive
Software Testing with Continuous Fault Anticipation
and Self-Healing Feedback Loops in SAP, International
Journal of Artificial Intelligence, Data Science, and
Machine Learning, 6(4), 2025, 21-28.

C. Atakari, Al-Driven Predictive Maintenance Models
in ERP Systems for Critical Infrastructure and National
Defense Logistics, International Journal of Emerging
Research in Engineering and Technology, 6(1), 2025,
82-90.

M.D. Chawla, Al-Driven Cloud Framework for
Software Maintenance in Life Insurance Systems: Gray
Relational Analysis of Risk, Security, and Scalability in
SAP and Oracle EBS Deployments, International
Journal of Advanced Research in Computer Science &
Technology (IJARCST), 6(6), 2023, 9483-9487.

L. Aversano, M.L. Bernardi, M. Cimitile, M. lammarino,
and D. Montano, Forecasting technical debt evolution in
software systems: an empirical study, Frontiers of
Computer Science, 17(3), 2023, 173210.

S. Sarferaz, Implementing AI into ERP Software,
Communications of the Association for Information
Systems, 57(1), 2025, 74.

P.R. Jonathan, Intelligent Cloud-SAP Software
Framework for Al-Driven Healthcare Analytics and
Process Optimization, International Journal of Research
and Applied Innovations, 8(Special Issue 1), 2025, 22-
217.

V.K. Kola, Al-Powered Test Case Generation for
Regulatory Compliance: Leveraging Generative Al in
SAP and Salesforce Environments, Journal of Computer
Science and Technology Studies, 7(3), 2025, 554-560.

[13]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

V. Petchiappan, Al-Powered Data Load Automation
from SAP HANA to Cloud Platforms with Instant Error-
Handling Techniques, Journal of Computer Science and
Technology Studies, 7(5), 2025, 272-282.

J.A. Barnes, Modernizing Loan Software with AI-Cloud
Ecosystems: SAP Integration, Citrix Access, Wireless
APIs, and Banking Services, International Journal of
Research Publications in Engineering, Technology and
Management (IJRPETM), 8(5), 2025, 12741-12745.
R.K. Puvvada, SAP S/4HANA Finance on Cloud: Al-
Powered Deployment and Extensibility, IJSAT-
International Journal on Science and Technology, 16(1),
2025.

H. Miiller, A. Kharitonov, A. Nahhas, S. Bosse, and K.
Turowski, Addressing it capacity management concerns
using machine learning techniques, SN Computer
Science, 3(1), 2022, 26.

P. Avgeriou, 1. Ozkaya, H. Koziolek, Z. Codabux, and
N. Emst, Reframing Technical Debt (Dagstuhl
Perspectives Workshop 24452), Dagstuhl Reports,
14(11), 2025, 16-39.

S. Sarferaz, Implementing Agentic Al into ERP
Software, IEEE Access, 2025.

P.S.R.P. Muntala, The Future of Self-Healing ERP
Systems: Al-Driven Root Cause Analysis and
Remediation, International Journal of Al, BigData,
Computational and Management Studies, 5(2), 2024,
102-116.

K.A. Solberg, Optimizing SAP-Integrated Cloud and
Machine Learning for Rural Healthcare with Al
Governance, Cybersecurity, and Risk Control,
International Journal of Research Publications in
Engineering, Technology and Management (IJRPETM),
7(6), 2024, 11548-11552.

M. Muthusamy, A Scalable Cloud-Enabled SAP-Centric
AI/ML Framework for Healthcare Powered by NLP
Processing and BERT-Driven Insights, International
Journal of Computer Technology and Electronics
Communication, 8(5), 2025, 11457-11462.

V. Banerjee, Data Migration Strategies for SAP
S/AHANA: Leveraging SAP Joule for Business
Transformation, Journal of Computer Science and
Technology Studies, 7(9), 2025, 271-279.

M. Hariharan, Reinforcement Learning Integrated
Agentic RAG for Software Test Cases Authoring, arXiv
preprint arXiv:2512.06060, 2025.

R.R. Althar, D. Samanta, S. Purushotham, S.S. Sengar,
and C. Hewage, Design and development of artificial
intelligence  knowledge processing system for
optimizing security of software system, SN Computer
Science, 4(4), 2023, 331.

A.C. Marquez, Digital maintenance management
(Berlin/Heidelberg: Springer, 2022).

S. Hohn and N. Faradouris, What does it cost to deploy
an XAI system: A case study in legacy systems, in
International Workshop on Explainable, Transparent
Autonomous Agents and Multi-Agent Systems, (Cham:
Springer International Publishing, 2021) 173-186.

R. Khalil, Design and Evaluation of an AI-Driven
Workflow for Technical Debt Remediation in Software
Systems, master's thesis, University of Turku, Turku,
Finland, 2025.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2026, 14(1s), 89-95 | 94



(28]

[29]

[30]

T. Fehrer, R.C. Lozoya, A. Sabetta, D. Di Nucci, and
D.A. Tamburri, Detecting security fixes in open-source
repositories using static code analyzers, Proc. 28th
International Conference on Evaluation and Assessment
in Software Engineering, Salerno, Italy, 2024, 429-432.
M. Begoug, M. Chouchen, A. Ouni, E.A. Alomar, and
M.W. Mkaouer, Fine-grained just-in-time defect
prediction at the block level in Infrastructure-as-Code
(IaC), Proc. 21st International Conference on Mining
Software Repositories, Lisbon, Portugal, 2024, 100-112.
G. An, J. Yoon, T. Bach, J. Hong, and S. Yoo, Just-in-
time flaky test detection via abstracted failure symptom
matching, Proc. 2024 IEEE International Conference on
Software Maintenance and Evolution (ICSME),
Flagstaff, AZ, 2024, 741-752.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2026, 14(1s), 89-95| 95



