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Abstract 

The convergence of SAP S/4HANA—the world's most widely deployed in-memory Enterprise 

Resource Planning (ERP) platform—with artificial intelligence (AI) technologies represents a defining 

inflection point in enterprise software management. This article offers a comprehensive, 

multidisciplinary examination of how organisations can combine the transactional power of SAP 

S/4HANA with the cognitive capabilities of machine learning (ML), natural language processing 

(NLP), generative AI, and intelligent process automation to create what SAP terms the Intelligent 

Enterprise. We systematically review the AI technology landscape within the SAP ecosystem, 

encompassing SAP Business Technology Platform (BTP), SAP AI Core and AI Launchpad, the Joule 

generative AI copilot, and embedded intelligent scenarios across all major S/4HANA functional 

domains—Finance (FI/CO), Procurement and Materials Management (MM), Sales and Distribution 

(SD), Production Planning (PP), Plant Maintenance (PM), Quality Management (QM), and Human 

Capital Management (HCM).  

 

Keywords: SAP S/4HANA; artificial intelligence; intelligent enterprise; SAP BTP; machine learning; 

Joule; generative AI; enterprise resource planning; digital transformation; AI governance 

 

1. Introduction 
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Enterprise Resource Planning systems have served as the operational bedrock of large organisations 

for more than three decades. Among ERP vendors, SAP SE occupies a singular position: founded in 

Walldorf, Germany in 1972 by five former IBM engineers, SAP has grown into the world's leading 

provider of enterprise application software, with more than 400,000 customer organisations in 180 

countries processing the majority of global trade through its systems [1]. SAP S/4HANA, the 

company's next-generation ERP suite built on the SAP HANA in-memory database, represents the 

current apex of this heritage—a platform capable of processing tens of billions of transactions per day 

across integrated financial, procurement, manufacturing, logistics, and human capital management 

functions. 

Despite their indispensability, traditional ERP systems—including earlier generations of SAP—have 

been characterised by a fundamentally reactive posture: they record and report on what has happened, 

but they do not anticipate what is likely to happen, recommend what should happen, or act 

autonomously to make it happen. Human managers must interpret ERP reports, identify patterns and 

anomalies, deliberate, and issue instructions before any intelligent response to a business event is 

possible. In fast-moving, data-rich operating environments, this human-mediated decision loop 

introduces latency, inconsistency, and cognitive overload that constrains organisational performance 

[2]. 

Artificial intelligence technologies offer a transformative alternative. Machine learning models can 

detect patterns in enterprise data at scales and speeds beyond human cognition. Natural language 

processing systems can mediate between human intent and ERP functionality without requiring 

expertise in transaction codes or structured query languages. Generative AI can draft business 

documents, summarise complex datasets, and propose contextually appropriate next actions within 

seconds. Intelligent process automation can execute high-volume routine decisions within predefined 

boundaries without human intervention.[3] 

SAP has articulated this vision through its Intelligent Enterprise strategy, which posits that the 

convergence of intelligent suite applications, a shared data and integration layer, and an enterprise 

technology platform (SAP BTP) will enable organisations to run self-optimising business processes 

that continuously sense conditions, generate insights, and adapt without waiting for human instruction 

cycles.[4] SAP landscapes are among the most complex software environments that enterprises 

manage: they are characterised by deep customisation accumulated over implementation timescales 

measured in decades, sensitive master data interdependencies, stringent compliance and auditability 

requirements, and heterogeneous technology stacks that may span on-premise ABAP systems, cloud-

native microservices, third-party applications, and IoT device networks.[5] 
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2. Literature Review 

2.1 AI in Enterprise Information Systems: Historical Context 

The application of artificial intelligence to enterprise information systems has a history stretching back 

to the expert systems of the 1980s. Systems such as XCON, developed at Carnegie Mellon University 

and deployed by Digital Equipment Corporation for computer configuration, and MYCIN, a medical 

diagnostic system developed at Stanford, demonstrated that machines could encode and apply domain 

expertise in ways that yielded measurable operational benefit [6]. These early symbolic AI systems, 

however, were brittle: their performance degraded sharply outside the narrow domains for which their 

rule bases had been crafted, and the cost of maintaining rule bases as business conditions evolved 

proved prohibitive in many deployment contexts. 

The subsequent AI winter of the late 1980s and 1990s, driven in part by the failure of expert systems 

to scale gracefully, redirected enterprise computing investment toward structured transactional 

systems—the ERP platforms that would come to define enterprise IT architecture for the following 

three decades [7].  

The machine learning renaissance of the 2000s and 2010s created renewed interest in AI-augmented 

enterprise systems. The availability of large transactional datasets accumulated in ERP systems over 

years of operation, combined with dramatic reductions in the cost of computation and advances in 

statistical learning algorithms, created conditions in which ML models could deliver reliable 

performance on a wide range of enterprise prediction and classification tasks [8].  

2.2 SAP-Specific AI Research 

Academic research specifically focused on AI in SAP environments has expanded significantly since 

the introduction of SAP HANA in 2010 and the subsequent development of SAP's Business AI 

portfolio. Studies have examined: the use of SAP Integrated Business Planning with ML-enhanced 

demand forecasting [9]; the application of deep learning to quality inspection data within SAP Digital 

Manufacturing Cloud [10]; natural language processing for talent matching in SAP SuccessFactors 

[11]; and the use of anomaly detection algorithms within SAP S/4HANA Finance for continuous audit 

support [12]. A consistent finding across this literature is that AI model performance is highly sensitive 

to data quality: systems trained on cleansed, enriched, consistently structured SAP master and 

transactional data substantially outperform those trained on uncleansed data, confirming the 

foundational importance of data readiness as a prerequisite for AI value realisation. 

3. SAP S/4HANA Architecture and AI Readiness 
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3.1 Architectural Overview 

SAP S/4HANA is a fourth-generation ERP suite that replaced its predecessor, SAP ECC 

(Enhancement and Core Component), through a fundamental re-architecture built on three pillars. The 

first is the SAP HANA in-memory database, which stores all application data in main memory (RAM) 

rather than on traditional disk-based databases, enabling query response times orders of magnitude 

faster than ECC on conventional databases—measured in microseconds rather than seconds or minutes 

for complex analytical queries 

3.2 The Clean Core Principle 

The Clean Core principle, articulated by SAP and its ecosystem partners as the architectural philosophy 

for S/4HANA implementations, holds that the S/4HANA core system should be kept as close to the 

standard SAP configuration as possible, with all customer-specific modifications implemented as 

extensions on SAP BTP rather than as modifications to ABAP code within the core [18]. This principle 

has profound implications for AI integration. In legacy ECC environments, decades of custom ABAP 

modifications have created technical debt that constrains the adoption of new functionality—including 

AI features—because upgrades must be laboriously tested against and adapted to accommodate 

existing custom code. A Clean Core implementation, by contrast, can adopt new SAP AI capabilities 

introduced in standard quarterly S/4HANA releases without modification risk, and can develop custom 

AI extensions on BTP that are architecturally decoupled from the S/4HANA core and therefore 

upgrade-proof. 

3.3 SAP HANA as AI Infrastructure 

The SAP HANA Machine Learning (ML) Python API enables data scientists to train models using 

standard Python ML frameworks (scikit-learn, TensorFlow, PyTorch) and deploy them for inference 

within the HANA database through a standardised API, combining the flexibility of the Python ML 

ecosystem with HANA's performance and proximity to SAP transactional data. The SAP HANA 

External Machine Learning (EML) Library further extends this architecture by enabling HANA to call 

ML models deployed on TensorFlow Serving or SAP AI Core for inference, making externally trained 

models callable from within SQL-level SAP processes. 

4. The SAP AI Technology Stack 

4.1 SAP Business Technology Platform (BTP) 
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SAP Business Technology Platform is the unified cloud platform through which SAP delivers and 

enables AI capabilities across its product portfolio. BTP integrates four capability domains: database 

and data management, anchored by SAP HANA Cloud and SAP Datasphere; analytics, delivered 

through SAP Analytics Cloud; application development and automation, provided by SAP Build; and 

AI and machine learning, through SAP AI Core and AI Launchpad [21]. This integration eliminates 

the need for organisations to assemble separate AI infrastructure alongside their SAP landscape—AI 

capabilities are natively available within the same platform that hosts their integration, analytics, and 

extension workloads. 

4.2 SAP AI Core 

SAP AI Core is the runtime infrastructure for developing, training, deploying, and serving AI models 

within the SAP ecosystem. Architecturally, AI Core is a Kubernetes-based platform that supports 

multiple ML frameworks—TensorFlow, PyTorch, scikit-learn, XGBoost, Hugging Face 

Transformers—through a standardised training and serving pipeline [23]. Organisations define AI 

scenarios (logical groupings of related AI use cases), configurations (parameter sets for specific model 

variants), and executions (training runs and serving deployments) through a REST API or through 

SAP AI Launchpad's graphical interface. AI Core supports both SAP-delivered AI models (pre-trained 

on anonymised SAP customer data and delivered as ready-to-consume services) and customer-

developed models trained on organisation-specific data—enabling a hybrid approach in which 

standard AI capabilities are augmented with bespoke models tailored to specific business contexts. 

4.3 SAP AI Launchpad 

SAP AI Launchpad provides the management and governance layer for AI assets within the SAP 

ecosystem. Through a browser-based interface, AI Launchpad enables: connection management 

(linking AI Core instances, AI scenarios, and BTP subaccounts); resource group administration 

(segregating AI workloads by organisational unit, environment, or use case); AI lifecycle management 

(managing the progression of models from development through staging to production); and 

performance monitoring (dashboards displaying model accuracy metrics, inference latency, resource 

utilisation, and alert status) [25]. AI Launchpad's role in the SAP AI governance framework is 

significant: it provides the audit trail and access control infrastructure required to demonstrate 

accountability for AI model behaviour to internal auditors, external regulators, and board-level risk 

committees. 

4.4 Joule: SAP's Generative AI Copilot 
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Joule, introduced by SAP in September 2023 and progressively embedded across the SAP product 

portfolio through 2024 and 2025, represents the most visible manifestation of SAP's generative AI 

strategy. Joule is a natural language AI assistant—embedded directly within SAP Fiori launchpad 

interfaces, SAP SuccessFactors, SAP Ariba, SAP Service Cloud, and other SAP applications—that 

enables users to interact with SAP systems using conversational language rather than transaction 

codes, structured menus, or query languages [26]. In practical terms, a procurement manager can ask 

Joule to summarise overdue purchase orders above a specified value threshold; a financial controller 

can ask Joule to explain an unexpected variance in a cost centre report; a warehouse manager can ask 

Joule to suggest replenishment actions for materials below safety stock—all without navigating SAP 

menus or constructing queries. 

5. AI Use Cases Across SAP S/4HANA Functional Domains 

Table 1 provides a consolidated map of AI use cases across major SAP S/4HANA functional domains, 

the AI techniques employed, and the business benefits achievable based on published implementation 

evidence. The sections that follow discuss the most significant use cases in each domain in greater 

depth. 

 

Table 1: AI Use Case Map Across SAP S/4HANA Functional Domains 

SAP Module AI Use Case AI Technique Business Benefit 

FI/CO 
Invoice extraction & 

matching 

Computer vision + 

NLP 

80–95% reduction in 

manual processing time 

FI/CO Cash-flow prediction 
LSTM time-series 

models 

Treasury planning 

accuracy +40% 

FI/CO 
Anomaly / fraud 

detection 

Isolation Forest; 

autoencoders 

Real-time audit 

coverage, reduced 

write-offs 

MM / Ariba Supplier risk scoring 
Ensemble 

classification 

Supply disruption early 

warning; risk mitigation 
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SAP Module AI Use Case AI Technique Business Benefit 

MM / IBP 
Demand sensing & 

forecasting 

Gradient boosting; 

neural nets 

MAPE reduction 25–

40% vs. statistical 

baseline 

SD / CPQ 
Dynamic pricing 

optimisation 

Reinforcement 

learning 

Revenue uplift 2–6%; 

improved win rates 

SD / CX 
Churn prediction & 

retention 

Logistic regression; 

XGBoost 

Churn rate reduction 

15–30% 

PP / MFG 

Cloud 

Predictive quality 

inspection 

CNN image 

recognition; SPC-

AI 

Defect detection rate 

+35%; scrap reduction 

PM 
Predictive 

maintenance (RUL) 

Survival analysis; 

LSTM 

Unplanned downtime 

reduction 20–50% 

HCM / SF 
Skills intelligence & 

L&D 

NLP; graph-based 

skill inference 

Time-to-fill reduction; 

internal mobility +20% 

SCM / TM 
Route & carrier 

optimisation 

Combinatorial 

optimisation + ML 

Freight cost reduction 

8–15% 

Cross-module 
Joule natural language 

interface 

LLM (GPT-4 class 

+ SAP fine-tune) 

Training time −50%; 

user productivity +30% 

 

5.1 Financial Accounting and Controlling (FI/CO) 

The Finance function is among the most mature AI application domains within SAP ecosystems. Three 

use cases have achieved significant deployment at scale. Intelligent accounts payable automation 

employs computer vision models (convolutional neural networks) to extract structured fields from 

vendor invoices in multiple formats—PDFs, scanned images, electronic EDI documents—and natural 

language processing to classify invoice types, identify line items, and extract vendor, quantity, price, 

and tax information [29]. Extracted data is matched against SAP purchase orders and goods receipts 

using fuzzy matching algorithms that handle tolerances, unit-of-measure conversions, and price 

rounding differences.  



International Journal of Science, Technology and Society   |   Vol. 9, No. 1, 2025 

22 

 

Deviations flagged for review may represent data entry errors, process control breakdowns, or potential 

fraud. Unlike traditional sample-based audit approaches, ML-powered continuous monitoring covers 

the full population of transactions, dramatically increasing the probability of detecting material issues 

before period-end close.  

5.2 Materials Management and Procurement (MM/Ariba) 

In the procure-to-pay domain, AI applications address supplier risk, demand sensing, and purchasing 

process automation. Supplier risk intelligence systems aggregate structured data from SAP Ariba's 

network of over 6 million connected suppliers with external data streams—financial stability ratings, 

news sentiment analysis, ESG performance scores, geographic risk indices, and logistics disruption 

feeds—to generate dynamic, multi-dimensional risk scores for each active supplier 

5.3 Sales and Distribution (SD) and Customer Experience (CX) 

AI augments the order-to-cash cycle across pricing, customer retention, and order fulfilment reliability. 

Dynamic pricing optimisation within SAP Configure Price Quote (CPQ) and SAP Pricing employs 

reinforcement learning models that continuously adjust pricing recommendations based on demand 

elasticity estimates, competitive positioning, inventory availability, customer segment profitability, 

and sales velocity [34]. Unlike static pricing rules or simple markdown algorithms, RL-based pricing 

models learn from observed purchase decisions and continuously refine their elasticity estimates, 

enabling prices that maximise revenue and margin simultaneously. Documented implementations 

report revenue uplift of 2–6% on AI-managed SKU portfolios versus control groups priced using 

conventional methods. 

5.4 Production Planning and Quality Management (PP/QM) 

In manufacturing environments, AI integration with SAP PP and QM modules enables a shift from 

reactive quality control and calendar-based maintenance to predictive, condition-driven approaches. 

Predictive quality management integrates time-series sensor data from connected production 

equipment—temperature, pressure, vibration, speed, torque—with production order parameters and 

inspection results from S/4HANA QM to train classification models that identify process parameter 

configurations associated with elevated defect probability. 

Models generate maintenance work order recommendations within SAP PM that are triggered by 

predicted proximity to failure rather than by calendar schedule, enabling maintenance resources to be 

deployed at the optimal point in the equipment degradation curve.  

5.5 Human Capital Management (SuccessFactors) 
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SAP SuccessFactors has been a significant site of AI innovation, with ML and NLP capabilities 

embedded across talent acquisition, performance management, learning, and workforce analytics. AI-

assisted recruitment employs NLP to parse candidate CVs and LinkedIn profiles against structured job 

requirements, generate ranked candidate shortlists, identify potential bias in job description language, 

and recommend interview questions calibrated to candidate backgrounds.  

The SAP SuccessFactors Skills Foundation—a continuously maintained, AI-inferred skills graph for 

each employee—represents one of the most architecturally ambitious AI investments in the SAP 

portfolio. Skills are inferred from multiple signals: learning activity in SAP Learning; project 

assignments and outcomes in SAP Project and Portfolio Management; performance review language 

analysed through NLP; self-reported skills; job history; and external certification data 

5.6 Supply Chain Management (SCM) 

Supply chain management represents arguably the highest-value AI domain within SAP ecosystems. 

SAP's Supply Chain Control Tower within IBP applies ML to aggregate signals from across the end-

to-end supply chain—demand signals, production capacity, inventory positions, supplier lead times, 

transportation status, and macroeconomic and geopolitical risk factors—to continuously identify 

supply chain exceptions, quantify their impact, simulate response scenarios, and recommend 

prioritised corrective actions. 

6. Prerequisites for AI Integration in SAP S/4HANA Environments 

6.1 Data Quality and Master Data Management 

The performance of AI models is bounded above by the quality of the data on which they are trained 

and against which they perform inference. In SAP environments, data quality challenges are pervasive 

and historically accumulated: master data records—material masters, vendor masters, customer 

masters, equipment masters, and chart-of-accounts structures—contain duplication, inconsistency, 

incomplete field population, and semantic ambiguity that directly constrain AI model performance. A 

materials demand forecasting model trained on demand history that includes incorrectly booked 

returns, inter-company transfers coded as external sales, and materials with incomplete classification 

data will systematically underperform relative to a model trained on cleansed, enriched data—

regardless of the sophistication of the model architecture. 

6.2 Integration Architecture and Event-Driven Design 
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AI capabilities can only deliver operational value when their outputs are integrated with the SAP 

business processes they are designed to augment in ways that are reliable, low-latency, and actionable. 

SAP Integration Suite—comprising SAP Cloud Integration, SAP API Management, SAP Event Mesh, 

and SAP Graph—provides the middleware architecture through which AI models deployed on SAP 

AI Core can consume SAP transactional data as training inputs and surface their inference outputs 

within SAP workflows and Fiori applications. 

6.3 SAP HANA Sizing and Infrastructure 

AI workloads impose computational demands that differ qualitatively from the transactional and 

analytical workloads for which SAP HANA infrastructure is typically sized. Model training 

workloads—particularly for deep learning models on large datasets—require GPU-accelerated 

computing resources that are best provisioned through SAP AI Core's cloud-native execution 

environment rather than on-premise SAP HANA. 

6.4 Security, Privacy, and Compliance 

The integration of AI into mission-critical SAP processes introduces security and compliance 

considerations that extend beyond those of conventional ERP operations. AI models trained on SAP 

data may encode sensitive business information—pricing strategies, supplier terms, employee 

performance distributions—that must be protected against adversarial extraction through model 

inversion or membership inference attacks.  

The EU General Data Protection Regulation constrains the use of personal data in AI model training, 

requiring privacy-by-design approaches including data minimisation, pseudonymisation, and purpose 

limitation that must be engineered into SAP AI data pipelines. India's Digital Personal Data Protection 

Act (2023) imposes equivalent requirements for SAP deployments serving Indian operations. 

7. Organisational and Governance Dimensions 

7.1 Change Management as a First-Order Concern 

AI-augmented SAP processes require human workers to interact with systems differently: to provide 

oversight of AI recommendations rather than executing tasks manually; to understand when AI outputs 

are reliable and when they should be questioned; and to take accountability for decisions made in 

reliance on AI guidance. These changes are non-trivial and do not emerge spontaneously from system 

deployment; they require sustained, structured change management investment. 
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Effective change management for AI in SAP contexts encompasses several distinct activities. 

Stakeholder engagement must begin before technical implementation, not after: process owners who 

understand and believe in the value proposition of AI augmentation are more likely to invest in the 

data quality remediation, exception handling process design, and user adoption activities that 

determine deployment success. 

7.2 Building AI Competency Within SAP Organisations 

Sustained AI capability in SAP environments requires organisational structures and talent profiles that 

do not typically exist in conventional SAP implementation organisations. The critical new role is the 

AI-SAP hybrid professional: an individual who combines deep knowledge of SAP process semantics, 

data structures, and integration patterns with competency in machine learning model development, 

evaluation, and operationalisation. This profile is rare in the market and expensive to recruit; most 

organisations will need to develop it through targeted upskilling of existing SAP professionals and 

data scientists rather than relying primarily on external hiring. 

7.3 AI Model Governance in SAP Landscapes 

Governing AI models within SAP environments requires extending traditional SAP landscape 

management frameworks—Change and Transport Management (CTS), System Landscape 

Management (SLM), Solution Manager monitoring—to encompass the distinctive lifecycle 

characteristics of machine learning models. Unlike conventional SAP transports, ML models require 

periodic retraining as the data distributions they encode drift over time due to changes in business 

conditions, supplier behaviour, customer profiles, or process configurations.  

7.4 Total Cost of Ownership 

Business cases for AI integration in SAP environments must account for a comprehensive cost 

structure that is frequently underestimated in initial investment proposals. Technology costs include 

SAP BTP service consumption (AI Core compute, HANA Cloud storage, Integration Suite API calls, 

Analytics Cloud licences), premium AI feature licensing within S/4HANA and SuccessFactors, and 

any incremental infrastructure investment required for hybrid cloud architectures [56]. These costs are 

typically consumption-based and scale with the volume of AI workloads executed. Data preparation 

costs—data quality remediation, data pipeline development, semantic layer construction in 

Datasphere—are frequently the largest single cost category in AI projects and the most consistently 

underestimated. 
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8. The Intelligent SAP Maturity Model (ISMM) 

8.1 Framework Rationale 

To provide organisations with a structured, actionable framework for assessing their current AI 

readiness within SAP environments and developing progressive improvement roadmaps, we propose 

the Intelligent SAP Maturity Model (ISMM). The ISMM draws on the Capability Maturity Model 

Integration (CMMI) tradition in software engineering [58] and adapts it to reflect five dimensions of 

AI readiness specifically relevant to SAP environments: (i) Data and Analytics Maturity; (ii) SAP 

Technology Platform Adoption; (iii) AI Process Integration; (iv) AI Governance and Risk 

Management; and (v) Organisational AI Capability. Each dimension is rated on a five-point scale from 

1 (Initial/Nascent) to 5 (Optimising/Exemplary), and the overall ISMM level reflects the profile across 

all five dimensions. 

8.2 ISMM Level Descriptions 

Table 2 summarises the five ISMM levels, their characteristic AI capabilities, the SAP technology 

enablers associated with each level, and the key performance indicators that distinguish each level 

from the next. 

 

Table 2: Intelligent SAP Maturity Model (ISMM) – Level Summary 

Level Stage AI Characteristics SAP Enablers Key KPIs 

1 Foundation 

Rule-based 

automation; basic 

BI reporting 

SAP Analytics 

Cloud; standard 

S/4HANA reports 

Data accuracy 

>90%; go-live 

stability 

2 Insight 

Embedded 

predictive 

scenarios; anomaly 

detection 

SAP IBP 

forecasting; 

S/4HANA 

intelligent 

scenarios 

Forecast MAPE 

<10%; AP 

exception rate 

3 Intelligence 

Custom ML models 

on AI Core; NLP via 

Joule 

SAP AI Core; SAP 

AI Launchpad; 

Joule copilot 

Model accuracy 

>85%; user 

adoption >60% 
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Level Stage AI Characteristics SAP Enablers Key KPIs 

4 Automation 

Autonomous 

routine decisions; 

continuous learning 

SAP Build Process 

Automation; event-

driven integration 

STP rate >80%; 

retraining cycle 

<30 days 

5 Adaptation 

Self-optimising 

enterprise; 

generative AI at 

scale 

Full BTP stack; 

Joule enterprise-

wide; agentic AI 

Working capital 

reduction; margin 

improvement 

 

8.3 Level 1 — Foundation 

Organisations at ISMM Level 1 operate SAP systems—typically S/4HANA implementations that are 

newly live or recently migrated from ECC—with standard configuration and limited advanced 

analytics capability. Data quality is inconsistent, with significant master data duplication and 

incomplete field population; data governance processes are informal or absent. AI adoption is absent, 

or limited to isolated proof-of-concept experiments that have not reached production.  

8.4 Level 2 — Insight 

Level 2 organisations have established reliable, governed reporting and analytics on SAP data, 

typically through SAP Analytics Cloud stories and planning models, and are beginning to consume 

SAP-delivered embedded AI scenarios within S/4HANA as standard activation rather than custom 

development. Cash flow prediction in Finance, demand-driven replenishment recommendations in 

Materials Management, and intelligent resume matching in SuccessFactors are representative Level 2 

AI capabilities.  

8.5 Level 3 — Intelligence 

At ISMM Level 3, organisations have moved beyond consumption of SAP-delivered AI to developing 

and deploying custom ML models on SAP AI Core, trained on organisation-specific data to address 

use cases that SAP's standard AI portfolio does not fully cover [60]. Joule has been deployed across 

multiple SAP applications and is actively used by a substantial proportion of the relevant user 

population.  

8.6 Level 4 — Automation 
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Level 4 organisations operate AI-augmented SAP processes in which a substantial proportion of 

routine, high-volume decisions have been delegated to validated AI models operating within defined 

parameters—with human oversight concentrated on exception handling, model governance, and policy 

definition rather than individual transaction execution. 

8.7 Level 5 — Adaptation 

At this level, planning cycles that historically required months of human analytical effort are 

compressed to days or hours through AI-accelerated scenario modelling and generative AI-assisted 

synthesis. Supply chains continuously reoptimise against evolving demand, capacity, and disruption 

signals. Financial positions are continuously hedged and rebalanced against dynamic market 

conditions. 

9. Discussion 

9.1 Three Cross-Cutting Themes 

Our analysis identifies three cross-cutting themes that pervade AI integration across all SAP functional 

domains and all stages of the ISMM. The first is the primacy of data quality. Without exception, the 

AI use cases reviewed in this article depend fundamentally on the quality, completeness, and semantic 

consistency of the SAP data they consume. The implication for enterprise SAP leaders is that data 

investment must precede or accompany AI investment—it cannot be deferred to address 

underperformance after deployment. 

The second cross-cutting theme is the architectural centrality of the Clean Core principle. 

Organisations that have invested in Clean Core S/4HANA implementations are consistently better 

positioned to adopt new AI capabilities as they become available in standard SAP releases, to develop 

custom AI extensions on BTP without conflicting with core system upgrade cycles, and to achieve the 

integration cleanliness required for reliable AI data pipelines. Conversely, organisations with heavily 

customised legacy SAP landscapes face a compounding disadvantage: their customisations constrain 

both the adoption of SAP-delivered AI scenarios and the design of custom AI integrations, while 

simultaneously creating technical debt that consumes the IT capacity that should be directed toward 

AI innovation. 

10. Conclusion 

The combination of SAP S/4HANA's transactional power with the cognitive capabilities of artificial 

intelligence represents one of the most consequential developments in enterprise software management 
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of the current decade. Across financial accounting, procurement, sales, manufacturing, human capital 

management, and supply chain functions, AI capabilities embedded within and connected to SAP 

S/4HANA systems are demonstrably enhancing the speed, accuracy, and sophistication of enterprise 

decision-making—moving the ERP system from a passive record of what has happened toward an 

active intelligence that informs, recommends, and increasingly executes what should happen. 

The evidence reviewed in this article demonstrates that substantial AI-driven value is achievable across 

all major SAP functional domains—and that the enabling technologies to realise this value are 

available today through the SAP AI product portfolio. SAP AI Core and AI Launchpad provide 

enterprise-grade infrastructure for ML model development, deployment, and governance.  
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