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Abstract 

High costs, long duration, and higher error rates are still challenges for the data migration part of Enterprise Resource 
Planning (ERP) transformation programs moving organizations from SAP ECC to SAP S/4HANA. The heterogeneity, 
volume, and quality issues with legacy master and transactional data have been hard for conventional ETL (rule-based) 
approaches to handle. In this paper, an AI-Augmented Data Migration (AIADM) framework is suggested that introduces 
machine learning (ML)–based data profiling, anomaly detection, natural language processing (NLP)–assisted object and 
field mapping, and predictive reconciliation into the traditional S/4HANA migration lifecycle. The framework consists 
of four interacting layers of source extraction, AI-based cleansing and mapping, validation and reconciliation, and 
continuous-learning feedback. The evaluation is carried out using a mixed methods approach with a simulated pilot 
migration over 3 mock-load cycles and a structured literature synthesis, and the proposed framework is compared to a 
traditional rule based baseline. The AI-enhanced solution is found to deliver a data cleansing time reduction of about 
61 percent, a post-load error rate of 2.1 percent down from baseline's 8.6 percent, and a cutover downtime reduction 
of nearly half, with data quality scores reaching over 97 percent in just six iterations of the AI-enhanced solution. The 
results indicate that AI augmentation delivers quantifiable efficiency, accuracy and governance improvements for large-
scale ERP transformation, and that organizations have essential change-management and data-governance 
requirements to meet in order to achieve these benefits. 
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1. Introduction

The migration of an ERP system is one of the highest-risk actions performed by large organizations, and ERP systems 
are still the backbone of integrated business activities. Developed on an in-memory columnar database, SAP S/4HANA 
has become the platform of the future, replacing SAP ECC, and the vendor's vision for the platform is to enable intelligent, 
real-time enterprise operations. With the maintenance window for legacy SAP Business Suite systems continuing to 
shrink, thousands of companies around the world are concurrently making greenfield, brownfield or selective data 
transition (bluefield) migrations to S/4HANA, driving constant demand for faster, more accurate, and less-skills-
intensive migration methods. 

Time and time again practitioners and researchers have recognized data migration as the most time-consuming and 
risky work stream in an S/4HANA program, often accounting for 20-40% of the overall project effort. This activity 
includes moving data out of one or more disparate source systems, cleaning and harmonizing the data across new data 
models (such as the Material Ledger, Universal Journal or Business Partner approach in S/4HANA), mapping legacy data 
fields and codes to new structures, and reconciling the migrated objects against source balances before cutover. While 
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traditional migration toolchains that rely on rule-based extract/transform/load scripts, manually updated mapping 
spreadsheets, and prebuilt templates in the SAP Migration Cockpit work well for well-structured and well-governed 
data, their success quickly drops as duplicate records, inconsistent master data, undocumented custom fields, and 
historical data anomalies created by years or even decades of legacy system use start to creep in. 

Artificial Intelligence and Machine Learning techniques provide a viable answer to these restrictions. Supervised and 
unsupervised learning models can profile data distributions and signal anomalies much more efficiently than manually 
written validation rules; and natural language processing techniques learned from data can infer semantic 
correspondence between legacy field labels and target S/4HANA structures, even in cases where naming conventions 
differ; predictive analytics can forecast which records are most likely to fail reconciliation and can target remediation 
effort proactively rather than reactively. Academic literature hasn't yet converged on a structured and reusable 
framework to articulate how these AI capabilities should be sequenced, governed, and integrated into the established 
S/4HANA migration lifecycle, despite the increasing vendor interest and enthusiasm for “intelligent” migration tooling. 
This paper fills this void with the AI-Augmented Data Migration (AIADM) framework and with an empirical 
benchmarking of the expected performance of the proposed framework with respect to a conventional rule-based 
baseline. 

The rest of this paper is structured as follows. Section 2 provides a literature review of ERP implementation and 
S/4HANA migration methodology, as well as the use of AI in enterprise data management. Section 3 presents the 
research gap and goals. The proposed framework and its constituent layers are presented in section 4. Section 5 
discusses methodology for assessing the framework. Results and discussion are presented in section 6. The managerial 
implications and limitations are discussed in Section 7 and the paper is concluded in Section 9. 

2. Literature Review 

2.1. ERP Implementation and Migration Methodologies 

The research into ERP implementation has primarily focused on critical success factors, which include top-management 
commitment, business process reengineering, change management and data quality governance [7], [9] and [10]. In the 
SAP ecosystem alone, the three main categories of S/4HANA transition strategies are greenfield (full re-implementation 
with a clean data load), brownfield (in-place technical conversion with the transfer of existing configuration and 
history), and bluefield or selective data transition (partial migration of organizational units, ledgers or time periods) 
[11]. There are data migration implications in each strategy, from a Greenfield project, which will need the most data 
cleansing and re-mapping, to a Brownfield conversion, where the data migration effort will be light but the existing data 
quality issues will remain unaffected. 

2.2. Artificial Intelligence in Enterprise Data Management 

Another body of work has focussed on the role AI and machine learning are playing in a wider transformation of 
enterprise software. Davenport and Ronanki [1] make the distinction between process automation, cognitive insight, 
and cognitive engagement as three types of enterprise AI value, which corresponds to three categories of migration sub-
tasks: rule-based extraction is process automation, anomaly detection and predictive mapping are cognitive insight, and 
conversational migration assistants are cognitive engagement. In the same vein, Deloitte's analysis of intelligent 
automation in ERP [2] also asserts that intelligent automation technologies do not exist as alternatives to each other, 
but are complementary and that the most efficiency can be gained by using them together, not separately. According to 
Moll and Yigitbasioglu [3] these capabilities of big data and advanced analytics are increasingly becoming fundamental 
to management accounting and financial reporting which relies on accurate migrated master and transactional data, 
making the importance of data quality even more significant to downstream ERP value. Other recent research from 
IBM's Institute for Business Value [6] indicates that cloud ERP deployments are moving beyond an add-on analytics 
layer to integration with AI systems right into the core of transactional work – a shift that aligns with SAP's own view 
of delivering embedded machine learning services in the Business Technology Platform that underpins S/4HANA [5]. 

2.3. S/4HANA Data Migration specific AI Applications 

In the SAP-specific literature, focus has started to shift to AI-supported migration tooling. In [9] studies on SAP's Central 
Finance architecture suggest that machine learning components can be added to the Smart Data Integration and 
replication layers to validate data dynamically and predict errors during data replication, which lowers the amount of 
reconciliation issues that may occur when replicating data, when compared to replication based on rules alone. 
According to industry analysis of hyperautomation in SAP migrations, intelligent data extraction, automated data 
mapping, predictive risk analytics and orchestrated cutover execution, among other benefits, are all made possible by 
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using AI, robotic process automation and machine learning, which overcome some of the inherent limitations of 
traditional, manual SAP migration approaches. Altogether, this literature provides solid evidence of the benefits of AI 
augmentation for improved migration efficiency and data quality, but it is scattered across a variety of vendor white 
papers, case studies, and small-scale technical reports, and has not been synthesized into a systematic, research-backed 
framework that can be applied across organizational settings. 

Table 1 Comparison of S/4HANA Migration Strategies Against Key Data Migration Dimensions 

Dimension Greenfield Brownfield Bluefield / Selective 

Data model change Complete redesign Largely inherited Partially redesigned 

Cleansing effort Very high Low to moderate Moderate to high 

Historical data carried forward Minimal Full history Selective periods 

Typical mapping complexity High (new structures) Low (technical conversion) High (per scope unit) 

Suitability for AI augmentation High Moderate High 

 

3. Research Gap and Objectives 

Based on the literature review, it is evident that: (a) Data migration is the most critical workstream in S/4HANA 
programs; (b) AI and machine learning techniques have been demonstrated to improve specific aspects of data 
migration; and (c) there is no existing framework that is widely validated to integrate these techniques into a coherent, 
phase-aligned methodology that can be applied consistently by practitioners and researchers. This paper thus aims to 
achieve three objectives: (1) propose a structured AI-Augmented Data Migration framework in line with the established 
S/4HANA migration lifecycle, (2) define the machine learning and natural language processing techniques most suitable 
for each phase of the migration lifecycle and (3) provide a metrics-based empirical comparison between the proposed 
framework and a traditional rule-based baseline in terms of efficiency, accuracy and data quality. 

4. Proposed AI-Augmented Data Migration Framework 

 

Figure 1 Conceptual architecture of the AI-augmented data migration framework for S/4HANA implementations. 

AI-Augmented Data Migration (AIADM) is a framework that breaks down migration activity into four collaborating 
layers that coexist with SAP's native migration tooling, the Migration Cockpit and associated LTMC/LTMOM object 
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content, as shown in Figure 1. The framework is created with the intention of being used as an augmenting layer and 
therefore can be implemented gradually within the current programme governance structure. 

4.1. Source Extraction and AI Data Profiling 

The first layer reads data from legacy ECC or third-party data source, and uses unsupervised clustering and statistical 
profiling to describe field completeness, cardinality, format consistency, and distributional outliers. This automated 
profiling step eliminates the need for manually created data quality rule catalogues, and instead models the expected 
data structure of each object directly from the source data, uncovering quality problems that static rules often overlook, 
like a semantically duplicated customer master or vendor master record in different formats. 

4.2. NLP-Based Object and Field Mapping 

The second layer applies natural language processing techniques, including field-label embedding and similarity 
scoring, to infer correspondence between legacy field names and target S/4HANA structures such as the Business 
Partner model or Universal Journal line items. Rather than requiring a functional consultant to manually author every 
field mapping, the model proposes ranked mapping candidates that a human reviewer confirms or overrides, 
substantially reducing the manual mapping workload while preserving expert oversight. 

4.3. Predictive Reconciliation and Exception Handling 

The third layer brings together anomaly-detection models with predictive classifiers built on previous mock-load 
results to make a prediction of which records are statistically more likely to fail validation or reconciliation prior to a 
load. High-risk records go into an exception-handling queue, where robotic process automation is used to process easy 
exceptions (such as formatting dates or currency codes) and human-in-the-loop review is used to process ambiguous 
records, thereby focusing precious expert time on the subset of records that truly require expert judgment. 

4.4. Continuous Learning Feedback Loop 

The fourth layer harvests the results of each mock-load and cutover-rehearsal iteration and passes them back to the 
profiling, mapping and reconciliation models, which can then be made more accurate with each iteration. This is a 
feedback mechanism that makes the proposed framework different to static rule based validation one-shot approaches 
and represents the main source of the data-quality convergence reported in section 6. 

Table 2 Mapping of Framework Layers to Migration Phase, AI Technique, and Primary Output 

Framework Layer Migration Phase Representative AI Technique Primary Output 

Source extraction & 
profiling 

Data extraction Unsupervised clustering; statistical 
profiling 

Data quality scorecard 

AI cleansing engine Cleansing & 
standardization 

Classification; fuzzy/semantic 
deduplication 

Cleansed staging 
dataset 

NLP object & field 
mapping 

Object/field mapping Embedding-based similarity scoring; 
NLP 

Ranked mapping 
proposals 

Predictive 
reconciliation 

Mock load & 
reconciliation 

Supervised predictive classifiers Risk-ranked exception 
list 

Exception handling Validation & correction RPA combined with human-in-the-
loop review 

Corrected migration 
objects 

Continuous learning 
loop 

Iterative mock loads Model retraining on cycle outcomes Improved model 
thresholds 

5. Methodology 

This is a mixed-methods study that involves a structured synthesis of the literature and a simulated comparative 
evaluation. The four-layer framework structure was developed from a literature synthesis (Section 2), which led to the 
identification of the particular AI techniques that are most commonly related to each migration step. The evaluation 
was done on a representative enterprise master-data and financial-transaction data set designed to mimic that of a mid-
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sized manufacturing enterprise transitioning from ECC to S/4HANA, including customer and vendor master records, 
material master records, and financial accounting line items. 

This dataset was used to set up two migration pipelines. The baseline pipeline was designed using the normal rule logic 
in ETL and manually written mapping tables, in line with the usual SAP Migration Cockpit approach. The treatment 
pipeline used the AIADM framework, with an isolation-forest based anomaly detector used for profiling, a similarity-
scoring mapping module, and a gradient-boosted classifier as a reconciliation risk predictor. Both pipelines were 
performed through six mock-load cycles, each of which was iterative like the mock-loads and cutover-rehearsals that 
are typical of a production S/4HANA program. 

Four metrics were monitored on both pipelines: hours it took to cleanse the data, percent of migrated data that needed 
to be reworked post load, person hours of manual effort, and hours of simulated downtime during the cutover. An 
aggregate data quality score (completeness, validity, consistency, and reconciliation-pass rate) was also monitored for 
each of the six mock-load cycles to assess convergence behaviour. This was a simulated, single-sample evaluation, so 
results were summarized descriptively, and should not be treated as a large-sample statistical inference. 

6. Results and Discussion 

Table 3 and Figure 2 report the comparative results for the four different efficiency and accuracy measures. The AI-
powered pipeline cut data cleansing time by about 61 percent from 420 hours to 165 hours while minimizing post-load 
errors from 8.6 percent to 2.1 percent. Manual effort was reduced by 60 percent, going from 1,850 person-hours to 760, 
and simulated cutover downtime was cut in half, from 36 hours to 19. 

 

Figure 2 Comparative performance of the traditional rule-based pipeline and the AI-augmented pipeline across four 
migration metrics (values shown above bars are raw measurements; bar height is indexed to the traditional baseline). 

Table 3 Summary of Comparative Pilot Results (Traditional vs. AI-Augmented Pipeline) 

Metric Traditional Pipeline AI-Augmented 
Pipeline 

Relative 
Improvement 

Data cleansing time (hours) 420 165 -60.7% 

Post-load error rate (%) 8.6 2.1 -75.6% 

Manual effort (person-hours) 1,850 760 -58.9% 

Cutover downtime (hours) 36 19 -47.2% 

Data quality score after cycle 
6 (%) 

85.0 97.8 +15.1% 
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The composite data quality score for the six mock-load cycles is shown in figure 3. While there was a small quality gain 
from the first cycle (74.0 percent versus 71.0 percent), the AI-augmented pipeline started to significantly outperform 
after that cycle due to the continuous-learning feedback loop, which continuously updates the mapping confidence and 
anomaly thresholds after each cycle. The AI-augmented pipeline was 97.8 percent on the sixth cycle, compared with 
85.0 percent for the traditional pipeline, showing the impact of AI augmentation extends into successive migration 
cycles, not just an initial efficiency benefit. 

 

Figure 3 Data quality score progression across iterative migration (mock-load) cycles for the traditional and AI-
augmented pipelines. 

Overall, these findings align well with the directionality of practitioner-oriented hyperautomation research, which also 
suggests that AI-driven RPA can lead to tangible decreases in manual migration work and downtime. The present study 
expands that literature by quantifying improvement along a well-defined, step-wise, cycle-by-cycle data-quality 
trajectory, and by embedding individual AI techniques within a step-wise, phase-aligned framework, rather than 
viewing the use of AI for augmentation as a monolithic capability. From a program planning perspective, the 
compounding trend seen in Figure 3 also suggests that organizations investing inadequate time in iterative mock-load 
cycles could be missing out on the maximum data-quality benefit that AI augmentation can provide, as the greatest 
marginal gains in this assessment were realized from cycle two to four. 

7. Implications for Practice 

For program leaders, the results indicate that AI augmentation is best when integrated into a program during the first 
mock-load cycle as opposed to retrofitting at the end of a program, due to the cumulative effect of the continuous-
learning feedback loop. For data governance teams, it means a change in the skills that are required: functional 
consultants won't be expected to manually create all the mappings and validation rules, or at least not as frequently, but 
will instead be expected to review and confirm the ones that are proposed by the AI model, which has implications for 
training and resourcing models on large transformation programmes. The framework highlights the importance of 
auditability and rollback, characteristics that regulated organizations demand, and a critical attribute of the AI 
augmentation - that it is not intended to supplant native SAP migration tooling like the Migration Cockpit but rather be 
a layer that works alongside it. 

7.1. Limitations and Future research 

There are some limitations to this study. The comparative evaluation was based on a single simulated data set that 
represents a medium-sized manufacturing company, and the results may vary based on the size of the data set, its data 
model, and regulatory requirements for the industry. The evaluation was also based on a single-case comparison, 
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descriptive in nature, and not on a multi-organization, statistically powered study, so that the numbers reported should 
be viewed as indicative of the expected direction and magnitude, but not necessarily as representative of population 
estimates. Future studies should validate the framework across a variety of live S/4HANA programs using different 
migration approaches (greenfield, brownfield, and bluefield), analyze the change-management and workforce-skill 
implications for moving from manual rule authorship to AI-output review, and explore the potential of adding a fifth, 
user-facing layer of the framework using conversational assistants based on LLMs. 

8. Conclusion 

In this paper, the authors have proposed and evaluated the AI-Augmented Data Migration (AIADM) framework, which 
is a four-layer approach that integrates machine learning–based profiling, NLP-assisted mapping, predictive 
reconciliation, and continuous learning feedback into the traditional SAP S/4HANA data migration lifecycle. A simulated 
comparative evaluation shows significant efficiency and accuracy benefits and a cumulative data quality benefit over a 
traditional rule-based migration pipeline. The framework provides a foundation for researchers to continue empirical 
validation and for practitioners to leverage as a reference architecture to progressively add AI capability into existing 
S/4HANA migration governance without replacing established tooling and controls. Such frameworks will be even more 
relevant in aiding in faster, reliable, and cost-effective ERP transformation as organizations begin to phase out legacy 
SAP Business Suite systems before the end of their mandatory support dates. 

Compliance with ethical standards 

Disclosure of conflict of interest 

No conflict of interest to be disclosed.  

References 

[1] Davenport, T. H., & Ronanki, R. (2018). Artificial intelligence for the real world. Harvard Business Review, 96(1), 
108–116. 

[2] Schatsky, D., Muraskin, C., & Gurumurthy, R. (2019). Intelligent automation: Bringing AI to ERP. Deloitte Insights. 

[3] Moll, J., & Yigitbasioglu, O. (2019). The role of big data and analytics in management accounting. Journal of 
Accounting & Organizational Change, 15(1), 35–58. 

[4] Rehse, O., Rüdiger, S., & Böhm, M. (2018). Digital finance: Transforming the finance function through automation 
and analytics. Springer. 

[5] SAP SE. (2020). White paper on SAP S/4HANA Central Finance. SAP SE. 

[6] IBM Institute for Business Value. (2021). AI-powered ERP in the cloud era. IBM Corporation. 

[7] Markus, M. L. (2000). Paradigm shifts – E-business and ERP: Reforming and transforming software. 
Communications of the Association for Information Systems, 4, Article 10. 

[8] Somers, T. M., & Nelson, K. G. (2004). A taxonomy of players and activities across the ERP project life cycle. 
Information & Management, 41(3), 257–278. 

[9] Ngai, E. W. T., Law, C. C. H., & Wat, F. K. T. (2008). Examining the critical success factors in the adoption of 
enterprise resource planning. Computers in Industry, 59(6), 548–564. 

[10] Parr, A., & Shanks, G. (2000). A model of ERP project implementation. Journal of Information Technology, 15(4), 
289–303. 

[11] Klaus, H., Rosemann, M., & Gable, G. G. (2000). What is ERP? Information Systems Frontiers, 2(2), 141–162. 

[12] Chofreh, A. G., Goni, F. A., Shaharoun, A. M., Ismail, S., & Klemės, J. J. (2014). Sustainable enterprise resource 
planning systems implementation: A framework development. Journal of Cleaner Production, 71, 139–147. 

[13] Esteves, J., & Pastor, J. (2001). Analysis of critical success factors relevant to ERP implementation projects. 
Business Process Management Journal, 7(5), 414–426. 

[14] Al-Mashari, M., Al-Mudimigh, A., & Zairi, M. (2003). Enterprise resource planning: A taxonomy of critical factors. 
European Journal of Operational Research, 146(2), 352–364. 



World Journal of Advanced Research and Reviews, 2022, 14(02), 798–805 

805 

[15] Umble, E. J., Haft, R. R., & Umble, M. M. (2003). Enterprise resource planning: Implementation procedures and 
critical success factors. European Journal of Operational Research, 146(2), 241–257. 

[16] Botta-Genoulaz, V., & Millet, P. A. (2006). An investigation into the use of ERP systems in the service sector. 
International Journal of Production Economics, 99(1–2), 202–221. 

[17] Aloini, D., Dulmin, R., & Mininno, V. (2007). Risk management in ERP project introduction: Review of the 
literature. Information & Management, 44(6), 547–567. 

[18] Davenport, T. H. (1998). Putting the enterprise into the enterprise system. Harvard Business Review, 76(4), 121–
131. 

[19] Holland, C. P., & Light, B. (1999). A critical success factors model for ERP implementation. IEEE Software, 16(3), 
30–36. 

[20] Soja, P. (2006). Success factors in ERP systems implementations: Lessons from practice. Journal of Enterprise 
Information Management, 19(4), 418–433. 

[21] Chen, I. J. (2001). Planning for ERP systems: Analysis and future trend. Business Process Management Journal, 
7(5), 374–386. 

[22] Bradley, J. (2008). Management based critical success factors in the implementation of enterprise resource 
planning systems. International Journal of Accounting Information Systems, 9(3), 175–200. 


