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Abstract 

Enterprise Resource Planning (ERP) systems anchored by SAP SE have long served as the operational 

backbone of large and mid-sized organisations across manufacturing, logistics, finance, human capital 

management, and procurement. The emergence of artificial intelligence (AI) technologies—

encompassing machine learning, natural language processing, computer vision, generative AI, and 

intelligent process automation—has opened transformative possibilities for embedding cognitive 

capabilities directly within SAP landscapes. This article provides a comprehensive examination of how 

AI is being integrated into SAP ecosystems, with particular focus on SAP Business Technology 

Platform (BTP), SAP AI Core, SAP AI Launchpad, RISE with SAP, and the generative AI capabilities 

introduced through Joule, SAP's natural language copilot. We analyse the architectural prerequisites 

for AI-ready SAP environments, map AI use cases across core ERP modules (FI/CO, MM, SD, PP, 

HR, SCM), and evaluate the organisational and technical challenges associated with AI adoption in 

complex, multi-tier SAP landscapes. Drawing on implementation case evidence and published vendor 

documentation, we further assess the implications for enterprise software management, including 

change management, skill development, data governance, and total cost of ownership. Our findings 

indicate that successful AI integration in SAP environments demands a holistic strategy that aligns 

technical architecture with business process redesign and organisational capability building. We 

conclude with a forward-looking framework—the Intelligent SAP Maturity Model (ISMM)—for 

guiding organisations through progressive stages of AI-enabled enterprise intelligence. 

 



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

2 

 

Keywords: SAP; artificial intelligence; enterprise resource planning; SAP BTP; SAP AI Core; 

Joule; intelligent enterprise; machine learning; generative AI; digital transformation. 

1. Introduction 

Enterprise Resource Planning systems have functioned as the central nervous system of modern 

organisations for more than three decades. SAP SE, founded in Walldorf, Germany in 1972, has grown 

to become the world's leading ERP vendor, with more than 400,000 customer organisations across 180 

countries relying on its software to manage financial accounting, materials procurement, production 

planning, sales, distribution, and human capital [1]. SAP S/4HANA, the company's flagship next-

generation ERP suite built on the in-memory HANA database platform, represents the current state of 

the art in enterprise software—a consolidated, real-time system capable of processing billions of 

transactions across globally distributed operations. 

Despite their indispensability, traditional ERP implementations—including earlier generations of 

SAP—have been characterised by rigidity, complexity, and a reactive rather than anticipatory posture 

toward business events. Decisions informed by ERP data are typically made by human managers who 

must manually interpret reports, identify anomalies, and exercise judgment about corrective actions. 

This human-in-the-loop model, while appropriate for many governance contexts, introduces latency 

and inconsistency in operational domains where speed and precision confer competitive advantage [2]. 

Artificial intelligence technologies offer a fundamentally different proposition: systems that can 

perceive patterns in enterprise data at a scale and speed beyond human cognition, generate predictions 

and recommendations automatically, and in some cases execute actions autonomously within 

predefined boundaries [3]. The integration of AI into ERP landscapes—and into SAP ecosystems 

specifically—has consequently become a strategic priority for enterprise technology leaders. SAP 

itself has committed to embedding AI across its entire product portfolio, characterising the intelligent 

enterprise as the destination of a digital transformation journey in which business processes are not 

merely automated but continuously self-optimising. 

Yet the integration of AI into complex, mission-critical SAP environments is far from straightforward. 

SAP landscapes are characterised by deep customisation accumulated over decades of implementation, 

intricate inter-module dependencies, sensitive master data quality constraints, strict compliance and 

auditability requirements, and heterogeneous technology stacks that may combine on-premise ABAP 

systems with cloud-native microservices [4]. Grafting AI capabilities onto such environments requires 

careful architectural design, robust data governance, and organisational change management 

capabilities that many enterprises are still developing. 
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This article addresses the gap between the promise of AI-enabled intelligent ERP and the practical 

realities of integration within SAP ecosystems. We examine the current state of AI capabilities within 

the SAP product portfolio, map the most significant AI use cases across SAP functional modules, 

analyse the technical and organisational prerequisites for successful AI integration, and propose a 

maturity model that can guide enterprises through a structured AI adoption journey within their SAP 

landscapes. 

The remainder of the article is structured as follows. Section 2 provides a review of relevant literature 

on AI in enterprise systems and ERP contexts. Section 3 describes the SAP AI technology stack. 

Section 4 maps AI use cases across SAP functional domains. Section 5 analyses architectural and 

technical prerequisites. Section 6 examines organisational and governance dimensions. Section 7 

presents the Intelligent SAP Maturity Model. Section 8 discusses implications and limitations. Section 

9 concludes. 

2. Literature Review 

2.1 AI in Enterprise Systems: An Overview 

The application of artificial intelligence to enterprise information systems has a substantial intellectual 

history, beginning with the expert systems of the 1980s that sought to encode domain knowledge in 

rule-based programs suitable for decision support in domains such as financial planning and 

manufacturing scheduling [5]. These early systems demonstrated both the potential and the limitations 

of symbolic AI in enterprise contexts: impressive performance within narrow problem domains, 

fragility outside them, and high maintenance costs as business rules evolved. 

The machine learning renaissance of the 2000s and 2010s—driven by the availability of large 

transactional datasets, affordable computing infrastructure, and advances in statistical learning 

algorithms—created renewed interest in AI-assisted enterprise decision-making [6]. Research 

demonstrated that machine learning models could outperform traditional rule-based approaches in 

ERP-adjacent tasks such as demand forecasting, supplier risk assessment, accounts payable 

automation, and customer churn prediction. 

More recently, the emergence of large language models (LLMs) and generative AI has opened new 

possibilities for natural language interaction with enterprise systems—enabling users to query ERP 

data in plain language, generate reports, draft procurement communications, and receive context-aware 

decision support without requiring structured query expertise [7]. This development is particularly 
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significant for SAP, whose traditional user interfaces have historically required substantial training 

investment and whose functional complexity has been a barrier to broad organisational adoption. 

2.2 SAP-Specific AI Research 

Academic research specifically focused on AI integration within SAP environments has grown 

significantly since the introduction of SAP HANA's in-memory architecture in 2010 and the 

subsequent development of SAP's machine learning Foundation and Business AI capabilities [8]. Key 

themes in this literature include: the use of predictive analytics embedded within SAP Integrated 

Business Planning (IBP) for supply chain optimisation; the application of natural language processing 

to SAP SuccessFactors for talent acquisition and employee experience; the automation of financial 

close processes in SAP S/4HANA Finance using anomaly detection and intelligent workflows; and 

the use of computer vision for quality inspection integrated with SAP Digital Manufacturing. 

Several studies have examined the organisational dimensions of AI adoption in SAP contexts, 

including the role of data quality as a prerequisite for effective machine learning [9], the challenges of 

managing AI models within the SAP Change Management framework, and the implications of AI-

driven process automation for workforce composition and skill requirements. A recurring finding 

across this literature is that technical integration challenges, while substantial, are frequently secondary 

to organisational and data quality challenges in determining AI adoption outcomes [10]. 

2.3 Research Gap 

Despite this growing body of research, there remains a lack of comprehensive, architecturally 

grounded analyses that map the full spectrum of AI capabilities available within the contemporary 

SAP ecosystem—spanning SAP BTP, AI Core, AI Launchpad, Joule, and embedded AI in S/4HANA 

modules—against the functional domains in which they can be applied, the technical prerequisites they 

require, and the maturity dimensions along which organisations can progress [11]. This article aims to 

address that gap. 

3. The SAP AI Technology Stack 

3.1 SAP Business Technology Platform (BTP) 

SAP Business Technology Platform serves as the unified technology foundation underpinning SAP's 

intelligent enterprise vision. BTP integrates four capability pillars: database and data management 

(SAP HANA Cloud, SAP Data Sphere); analytics (SAP Analytics Cloud); application development 

and automation (SAP Build); and AI and machine learning (SAP AI Core, SAP AI Launchpad) [12]. 
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This integrated platform architecture enables organisations to develop, deploy, and operationalise AI 

models in close proximity to the enterprise data and processes they are designed to augment. 

A critical architectural feature of BTP is its cloud-agnostic design: SAP BTP can be deployed on 

Amazon Web Services, Microsoft Azure, Google Cloud Platform, or SAP's own infrastructure, 

enabling organisations to leverage existing cloud investments while accessing SAP AI services [13]. 

The platform's integration with SAP Integration Suite further enables AI-augmented workflows to span 

on-premise SAP systems, cloud SAP applications (SuccessFactors, Ariba, Concur, Commerce Cloud), 

and third-party enterprise applications. 

3.2 SAP AI Core and SAP AI Launchpad 

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

within the SAP ecosystem. It provides a Kubernetes-based execution environment with support for 

standard ML frameworks (TensorFlow, PyTorch, scikit-learn, XGBoost), MLOps capabilities 

including experiment tracking and model versioning, and standardised APIs for model serving [14]. 

SAP AI Core supports both SAP-developed AI models and customer or partner-developed models, 

enabling a hybrid AI landscape in which pre-built SAP capabilities are complemented by bespoke 

models trained on organisation-specific data. 

Together, AI Core and AI Launchpad constitute the MLOps backbone of the SAP AI stack—providing 

the operational infrastructure required to move AI from prototype to production at enterprise scale. 

3.3 Joule: SAP's Generative AI Copilot 

Joule is a natural language AI assistant embedded directly within SAP application interfaces, enabling 

users to interact with SAP systems using conversational language rather than structured menus and 

transaction codes. Joule can retrieve and summarise ERP data, draft business documents, recommend 

process actions, explain anomalies in financial or operational data, and execute multi-step workflows 

in response to natural language instructions. 

This hybrid architecture enables Joule to combine the broad language capabilities of general-purpose 

LLMs with SAP-specific contextual understanding derived from fine-tuning on SAP data models, 

business process documentation, and transaction semantics. 

3.4 Embedded AI in SAP S/4HANA 

These embedded AI features—sometimes referred to as intelligent scenarios—include: cash flow 

prediction in Finance; intelligent invoice processing in Accounts Payable; demand-driven 

replenishment optimisation in Materials Management; sales order feasibility checks in Sales and 
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Distribution; predictive maintenance scheduling in Plant Maintenance; and skills-based talent 

matching in SuccessFactors. These embedded scenarios are pre-trained on anonymised SAP customer 

data and are activated through configuration rather than custom development, lowering the barrier to 

AI adoption for organisations with standard SAP implementations. 

4. AI Use Cases Across SAP Functional Domains 

4.1 Financial Accounting and Controlling (FI/CO) 

Three categories of AI application have achieved significant traction. First, intelligent accounts 

payable automation employs computer vision and natural language processing to extract structured 

data from unstructured vendor invoices, match invoices to purchase orders and goods receipts, identify 

discrepancies, and route exceptions for human review—dramatically reducing the manual effort 

associated with the procure-to-pay cycle. 

Second, anomaly detection in financial postings applies unsupervised machine learning to identify 

transactions that deviate statistically from established patterns—flagging potential errors, duplicate 

postings, or fraudulent entries for auditor review. Embedded within SAP S/4HANA Finance, this 

capability supports continuous controls monitoring without the manual sampling that characterises 

traditional audit approaches. Third, cash flow forecasting uses time series models trained on historical 

payment behaviour, customer credit ratings, and macroeconomic indicators to project short and 

medium-term cash positions—enabling treasury teams to optimise working capital deployment and 

reduce the cost of short-term liquidity management. 

4.2 Materials Management and Procurement (MM/SRM) 

In the procure-to-pay domain, AI applications span supplier selection, demand forecasting, inventory 

optimisation, and compliance monitoring. Supplier risk intelligence systems aggregate data from SAP 

Ariba's supplier network, external financial data providers, news sentiment feeds, and ESG rating 

services to generate dynamic risk scores for each supplier in the organisation's ecosystem. These scores 

are surfaced within procurement workflows, enabling category managers to proactively identify at-

risk supply relationships before disruptions materialise. 

Demand forecasting within SAP Integrated Business Planning employs machine learning models—

including gradient boosting and recurrent neural networks—to generate more accurate demand signals 

than traditional statistical methods, particularly for products with intermittent demand patterns or 

significant external demand drivers such as promotions, weather, and economic indicators. Integration 

between IBP demand forecasts and S/4HANA Materials Requirements Planning (MRP) enables 
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replenishment proposals that reflect AI-generated demand signals rather than simplistic moving 

average calculations, reducing both stockout and excess inventory costs. 

4.3 Sales and Distribution (SD) 

AI augments the order-to-cash cycle in SAP SD across several dimensions. Predictive pricing models 

leverage machine learning to dynamically optimise pricing recommendations based on customer 

segments, competitive intelligence, inventory availability, and margin targets—surfacing 

recommendations within SAP Configure, Price, Quote (CPQ) workflows. Customer churn prediction 

models trained on historical order patterns, returns behaviour, complaint frequency, and payment 

behaviour identify at-risk customer relationships, enabling proactive retention interventions through 

CRM workflows. 

4.4 Production Planning and Manufacturing (PP/QM) 

In manufacturing environments, AI integration with SAP PP and Quality Management (QM) modules 

enables predictive quality and predictive maintenance capabilities that shift the management posture 

from reactive to anticipatory. Early warning signals generated by these models can trigger automatic 

production holds or parameter adjustment recommendations, reducing scrap rates and rework costs. 

Predictive maintenance applications integrate equipment sensor data with SAP Plant Maintenance 

(PM) historical maintenance records to forecast equipment failure probabilities and remaining useful 

life. Machine learning models—typically survival analysis or gradient boosting classifiers trained on 

failure event histories—generate maintenance work order recommendations within SAP PM, enabling 

condition-based maintenance schedules that replace both reactive (fix on failure) and calendar-based 

(preventive) approaches with data-driven interventions timed to the actual condition of each asset. 

4.5 Human Capital Management (HCM/SuccessFactors) 

SAP SuccessFactors, SAP's cloud HCM suite, has been a significant site of AI innovation within the 

SAP portfolio. AI-assisted talent acquisition tools employ natural language processing to match 

candidate profiles against job requisition requirements, rank applicants, identify potential bias in job 

descriptions, and generate personalised candidate outreach communications. These capabilities are 

designed to accelerate the recruitment cycle while supporting diversity, equity, and inclusion 

objectives through bias detection in screening criteria. 

Joule integration within SuccessFactors enables employees and managers to interact with HR data and 

processes using natural language, reducing friction in tasks such as leave requests, performance review 

completion, and benefits enrolment. 
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4.6 Supply Chain Management (SCM) 

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

ecosystems, given the scale of working capital, logistics costs, and service level commitments at stake. 

This capability proved particularly valuable in the context of the COVID-19 pandemic and subsequent 

supply chain disruptions, when traditional linear planning approaches failed to provide adequate 

visibility or agility. 

Integration between SAP TM optimisation recommendations and real-time carrier performance data 

enables dynamic carrier selection that adapts to evolving service quality conditions. 

5. Architectural and Technical Prerequisites for AI Integration 

5.1 Data Readiness and Governance 

The performance of machine learning models is fundamentally constrained by the quality, 

completeness, and representativeness of the data on which they are trained. In SAP environments, data 

quality challenges are pervasive: decades of accumulation have produced master data records 

characterised by duplication, inconsistency, incomplete field population, and semantic ambiguity 

across organisational units. Before AI integration can deliver reliable value, organisations must invest 

in systematic data quality remediation programmes covering material master, vendor master, customer 

master, and equipment master data—the foundational entities on which most AI use cases depend. 

Data governance frameworks must be extended to address the specific requirements of AI workloads. 

SAP Data Sphere provides a business data fabric architecture that can serve as the governance layer 

for enterprise data consumed by AI—virtualising data across SAP and non-SAP sources and enforcing 

semantic consistency through a shared business semantic model. 

5.2 Integration Architecture 

AI capabilities must be architecturally integrated with SAP core systems in ways that enable real-time 

data exchange, low-latency inference, and reliable event-driven triggering. SAP Integration Suite, 

which includes SAP Cloud Integration. For embedded AI scenarios delivered as standard S/4HANA 

functionality, integration is handled transparently by SAP; for custom AI scenarios developed by 

customers or partners, explicit integration design is required. 

In hybrid landscapes that combine on-premise S/4HANA or ECC systems with cloud-based AI 

infrastructure, integration architecture must address network latency, data residency requirements, and 

the synchronisation of master data between on-premise and cloud environments. SAP recommends the 



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

9 

 

Clean Core principle—minimising custom code in the S/4HANA core and externalising customisation 

through SAP BTP extensions—as a prerequisite for agile AI integration that can be updated without 

compromising SAP system upgrade compatibility. 

5.3 Infrastructure and Performance 

AI workloads—particularly the training of large machine learning models—impose significant 

computational demands that differ qualitatively from the transactional workloads for which traditional 

SAP infrastructure is sized. GPU-accelerated computing resources, available through SAP AI Core's 

cloud-native execution environment, are typically required for training deep learning models on large 

SAP datasets. Inference workloads—the real-time application of trained models within SAP 

processes—impose lower but still significant computational demands that must be factored into BTP 

resource planning. 

SAP HANA's Predictive Analysis Library (PAL) and the integration between HANA and Python-

based ML frameworks through the SAP HANA ML Python API enable a class of embedded AI 

architectures in which model inference executes within the database layer, combining HANA's 

transactional performance with ML flexibility. 

5.4 Security and Compliance 

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

considerations that go beyond those of traditional ERP implementations. AI models trained on 

sensitive enterprise data—financial records, employee information, customer data—must be protected 

against exfiltration and adversarial manipulation. SAP BTP's security framework, including identity 

and access management through SAP Identity Authentication Service and data encryption at rest and 

in transit, provides a baseline of protection; organisations must additionally implement AI-specific 

controls including model access governance, inference audit logging, and adversarial input detection. 

Compliance implications of AI decision-making within SAP workflows must be assessed against 

applicable regulatory frameworks. Data protection regulations—GDPR, India's Digital Personal Data 

Protection Act, and equivalent frameworks—impose constraints on the use of personal data in AI 

model training, requiring privacy-by-design approaches to data pipeline construction. 

6. Organisational and Governance Dimensions 

6.1 Change Management and Organisational Readiness 
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The introduction of AI capabilities into established SAP processes constitutes a significant 

organisational change that affects job roles, decision rights, accountability structures, and the skills 

required of end users and IT professionals. Experience from enterprise AI implementations suggests 

that the technical integration of AI is frequently less challenging than the organisational integration: 

ensuring that process owners understand and trust AI recommendations, that users know when to 

follow AI guidance and when to exercise independent judgment, and that accountability for AI-

influenced decisions is clearly defined. 

6.2 Skills and Capability Development 

Conversely, data scientists without SAP domain knowledge may struggle to translate ML capabilities 

into actionable improvements in SAP business processes. Bridging this skills gap requires deliberate 

investment in cross-functional capability building, including SAP-specific AI training programmes 

(such as those available through SAP Learning Hub and the SAP BTP AI Certification curriculum), 

partnerships with system integrators that possess combined SAP and AI expertise, and internal centres 

of excellence that embed AI specialists within SAP functional teams. 

6.3 AI Governance in SAP Contexts 

Governing AI models within SAP environments requires extending the traditional IT governance 

frameworks that organisations have developed for SAP—change management, transport management, 

system landscape management—to encompass the distinctive lifecycle of machine learning models. 

ML models, unlike conventional software, require periodic retraining as the data distributions they 

were trained on drift over time; they may exhibit performance degradation that is not accompanied by 

obvious system errors; and their behaviour may differ across population segments in ways that are not 

apparent from aggregate performance metrics. 

An effective AI governance framework for SAP environments should encompass: model inventory 

management (tracking all AI models in production, their owners, training data, performance metrics, 

and refresh schedules); model risk assessment (evaluating the potential consequences of model errors 

for business processes and compliance); performance monitoring dashboards (continuously tracking 

inference accuracy and flagging degradation). 

6.4 Total Cost of Ownership 

The total cost of ownership (TCO) of AI integration in SAP ecosystems encompasses both direct 

technology costs and indirect organisational costs that are frequently underestimated in initial business 

cases. Direct technology costs include SAP BTP service consumption charges (AI Core compute, SAP 
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HANA Cloud storage, Integration Suite API calls), licensing costs for premium AI features in 

S/4HANA and SuccessFactors, and infrastructure costs associated with data preparation pipelines [44]. 

Indirect costs include the time invested by subject matter experts in labelling training data, validating 

model outputs, and participating in change management activities; the ongoing cost of model 

monitoring and retraining; and the cost of remediating data quality issues that are prerequisites for AI 

performance. 

Business case construction for AI in SAP must therefore adopt a comprehensive cost view while 

rigorously quantifying benefits across multiple dimensions: direct cost reduction (processing time, 

headcount), quality improvement (error rates, compliance incidents), revenue enhancement (pricing 

optimisation, churn reduction), and risk reduction (early warning of supply disruptions, financial 

anomalies).  Organisations that limit their business case to direct cost reduction consistently understate 

the value of AI integration and consequently underinvest relative to the available opportunity. 

7. The Intelligent SAP Maturity Model (ISMM) 

7.1 Rationale and Framework Design 

 The ISMM draws on the capability maturity model tradition in software engineering, adapted to reflect 

the specific dimensions of AI readiness in SAP contexts: data maturity, technology adoption, process 

integration, governance sophistication, and organisational capability. 

7.2 ISMM Level Descriptions 

Level 1 — Foundation: Organisations at Level 1 operate standard SAP systems with minimal 

customisation and limited advanced analytics capability. Data quality is inconsistent, data governance 

is informal, and AI adoption is absent or limited to isolated proof-of-concept experiments. The primary 

tasks at this level are master data remediation, architecture simplification (Clean Core adoption), and 

foundational skills development. 

Level 2 — Insight: Level 2 organisations have established reliable reporting and analytics on SAP 

data, typically through SAP Analytics Cloud, and are beginning to exploit the embedded predictive 

scenarios available in S/4HANA as standard functionality. 

Level 3 — Intelligence: At Level 3, organisations are developing and deploying custom AI models on 

SAP AI Core, integrating ML outputs into operational SAP workflows, and leveraging Joule for 

natural language interaction across multiple SAP applications. An AI centre of excellence has been 

established, model governance processes are operational, and AI use cases have delivered measurable 
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business value across at least three SAP functional domains. The organisation has built a cadre of 

professionals with combined SAP and AI competency. 

Level 4 — Automation: Level 4 organisations operate AI-augmented SAP processes in which routine 

decision-making is largely delegated to validated AI models operating within defined parameters, with 

human oversight focused on exception handling and policy governance. Continuous learning pipelines 

automatically refresh models as business conditions evolve. AI governance is integrated with SAP 

change management and risk management frameworks. Generative AI through Joule has been broadly 

deployed, measurably reducing training requirements and improving user productivity. 

8. Discussion 

8.1 Implications for Enterprise Software Management 

The integration of AI into SAP ecosystems has profound implications for how enterprise software is 

managed across its lifecycle. Traditional ERP management paradigms—characterised by infrequent 

major releases, long stabilisation periods, and conservative change management—are poorly suited to 

the continuous learning and adaptation that characterises AI-augmented systems. AI models require 

more frequent intervention (retraining, parameter adjustment, performance monitoring) than 

conventional software, and their behaviour can change in response to data drift in ways that do not 

produce visible system errors but nonetheless degrade business value. 

SAP's two-speed architecture—in which the stable S/4HANA core is updated on a quarterly release 

cycle while BTP-based AI extensions are updated continuously—provides a structural basis for 

accommodating this faster pace of AI lifecycle management. 

8.2 The Human–AI Balance in SAP Processes 

In financial posting anomaly detection, where AI flags exceptions for human review without 

automatically reversing transactions, the human-in-the-loop design is both appropriate and effective. 

In high-volume, low-stakes decisions such as automatic invoice matching within narrow tolerance 

bands, full automation may be appropriate. In consequential decisions affecting employees—

promotion recommendations, performance assessments, termination decisions—regulatory 

requirements and ethical norms typically mandate meaningful human oversight regardless of AI 

performance. 

8.3 Limitations 
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This article has several limitations that should be acknowledged. The analysis draws primarily on 

published vendor documentation, implementation case studies, and academic literature; primary 

empirical data from systematic surveys or controlled experiments would strengthen the evidence base 

for several claims.  

9. Conclusion 

The integration of artificial intelligence into SAP ecosystems represents a transformative opportunity 

for organisations seeking to evolve from the operational backbone provided by traditional ERP toward 

the adaptive, self-optimising intelligent enterprise envisioned by SAP's strategic roadmap. Across 

financial accounting, procurement, sales, manufacturing, human capital management, and supply 

chain domains, AI capabilities embedded within and connected to SAP systems are demonstrably 

enhancing the speed, accuracy, and sophistication of enterprise decision-making. 

As generative AI capabilities through Joule continue to mature and as SAP embeds AI more deeply 

across its entire product portfolio, the barriers to initial AI adoption within SAP ecosystems will 

continue to decline. The enduring source of competitive differentiation will not be access to AI 

technology per se, but the organisational capability to translate that technology into superior business 

processes, better decisions, and more agile responses to changing market conditions. Building that 

capability—systematically, responsibly, and with genuine attention to the human dimensions of 

technological change—is the central challenge of intelligent enterprise management in the SAP era. 
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