
                                                                       ISSN 2581 – 3781 

 

             Available Online at www.ajcse.info 

                                 Asian Journal of Computer Science Engineering 2025;10(4) 
                                                                                            

REVIEW ARTICLE 
 

Survey on Integrating Artificial Intelligence and Machine Learning 

Techniques with ERP Systems for Predictive Business Analytics 
 

Dr. Nilesh Jain* 

Associate Professor,  Mandsaur University, Mandsaur  

Department of Computer Sciences and Applications  

Email-nileshjainmca@gmail.com 

Received: 10-10-2025; Revised: 19-11-2025; Accepted: 14-12-2025 

 
Abstract— Enterprise Resource Planning (ERP) systems are 

central to managing and integrating core business processes, 

including finance, human resources, supply chain, operations, 

procurement, and customer relationship management. While 

traditional ERP systems enable data consolidation and 

operational efficiency, they often lack predictive capabilities 

necessary for proactive decision-making in rapidly changing 

business environments. The integration of Artificial Intelligence 

(AI) and Machine Learning (ML) into ERP systems transforms 

them into intelligent platforms capable of advanced analytics, 

automation, and adaptive decision support. AI-enhanced ERP 

systems leverage analytical intelligence to detect trends, optimize 

operations, and provide actionable insights, while ML models—

including regression, decision trees, neural networks, and 

recurrent models—enable accurate forecasting, anomaly 

detection, and pattern recognition. By utilizing historical, real-

time, IoT, and external datasets, AI/ML-enabled ERP systems 

support predictive maintenance, demand forecasting, and risk 

management, enhancing operational responsiveness and strategic 

planning. This survey explores the architecture, core components, 

and security mechanisms of ERP systems, examines methods for 

AI and ML integration, and analyzes predictive business analytics 

applications. Additionally, a comparative literature review 

highlights recent research trends, practical implementations, and 

future opportunities for AI/ML-driven ERP systems in driving 

data-informed, agile, and competitive business operations. 

Keywords—Machine Learning, AI-enabled ERP, Predictive 

Analytics, Business Intelligence, Data Integration, Decision 

Support Systems. 

INTRODUCTION 

Enterprise resource planning (ERP) systems refer to 
integrated software systems that assist companies to manage 
and automate business processes that are of vital importance 
to the company. They offer a centralized model of integrating 
their functions, finance, human resource, supply chain 
management, operations, procurement and customer 
relationship management[1]. ERP solutions consolidate all 
these processes into a single system hence providing 
consistency, accuracy and even ease of access between the 
different departments. The benefits of this integration are 
efficiency in operations, less redundancy, and the ability of 
firms to react better to the internal and external business 
requirements[2]. ERP systems are also not mere 
administrative systems but also enable strategic decision-
making processes as they offer a complete picture of 
organizational performance. 

The modern business world is subjecting organizations to 
the growing pressure of the need to make real time decisions 
and respond to fast market changes, supply chain upheals, and 

changes in customer tastes and preferences[3]. The traditional 
ERP systems despite their effectiveness in consolidation and 
management of data lack the analytical power of offering 
forward-looking information. The increasing requirement of 
predictive analytics, dynamic resource allocation and real-
time monitoring of performance has turned out to be a matter 
of top priority in ensuring competitiveness[4]. Businesses can 
no longer afford to use ERP systems to merely store and 
process data to achieve real-life information that can guide 
proactive decision-making. 

Machine Learning (ML) and Artificial Intelligence (AI) 
technologies have become a revolution in the fulfillment of 
these new business needs[5][6]. With the integration of AI and 
ML features in ERP, the companies will be able to utilize 
intelligent automation, predictive analytics, and pattern 
recognition in all business processes. ERP modules powered 
by AI could help to improve demand forecasting, optimize 
stock management, automate routine operations and boost 
financial planning efficiency[7]. Machine learning models 
compare historical and real-time data to determine trends, 
predict disruptions and propose the best actions to take. 

Moreover, more sophisticated AI methods  allow to have 
more natural user handling and adaptive decision making[8]. 
The chatbots which are powered by NLP can help employees 
to find information, make reports and also help in customer 
service activities. Predictive analytics incorporated into ERP 
systems also allow companies to define the possible 
bottlenecks in the supply chain, optimize production timers, 
and agility in general. With the integration of AI and ML with 
ERP, businesses will be able to transform the traditional 
systems to become intelligent and capable of enhancing 
accuracy, efficiency, and strategic foresight and be equipped 
to succeed in a highly dynamic and data-driven economy. 

A. Structure of the paper 

This paper is structured as follows: Section II outlines ERP 
architecture, core components, and security mechanisms. 
Section III discusses the integration of AI and ML with ERP 
systems. Section IV analyzes predictive business analytics 
applications such as maintenance, forecasting, and risk 
prediction. Section V reviews recent literature on AI/ML-
enabled ERP systems. Finally, Section VI concludes the study 
and highlights future research directions. 

 ARCHITECTURE AND CORE COMPONENTS OF ERP 

SYSTEMS  

Modern Enterprise Resource Planning (ERP) systems are 
architected to integrate disparate business functions into a 
unified platform, underpinned by modular core components 
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and layered architecture for scalability and adaptability. A 
widely-cited model segments ERP architecture into three key 
layers: the presentation/user interface layer, the application 
business logic layer, and the data database layer. ERP systems 
have evolved extensively over the years. Initially, such 
systems were used for simple functions such as accounting 
and human resources planning. With the advent of Web 
technologies, companies such as Oracle, SAP. The emerging 
technologies such as Web service and extensible Markup 
Language (XML) have had a major impact on ERP systems.  

B.  ERP Architecture  

In an enterprise, some systems may be developed by the 

enterprise itself, while others may be developed by different 

vendors using different databases, languages, and 

technologies. Systems differ from each other, which makes it 

difficult to upgrade the organization’s businesses, strategy, 

and information technologies effectively[9]. With the 

communication infrastructure and ERP functionalities 

encapsulated in components, an ERP system can easily meet 

these requirements. A typical ERP system should at least have 

the following features: 

• Componentized — Different business functionalities 

are implemented as separate components. 

• Integrated — Components are seamlessly integrated to 

work together. 

• Seamless Data Flow — Information flows smoothly 

between components without disruption. 

• Flexible — The system is compatible with existing 

legacy systems and can adapt to changing business 

processes. 

• Tailorable — The system can be easily configured to 

meet the specific needs of the enterprise. 

• Real-time — Components operate in real-time to 

provide up-to-date information. 

• Processing Modes — Both online and batch processing 

modes are supported. 

• Profitable — The system has the potential to reduce 

costs or increase profits. 

• Secure — The system includes a robust security 

framework to protect data and operations. 

The business logic in ERP system employs client/server 

architecture to create a distributed computing environment. 

Generally, the three-tier architecture will be used, which 

contains three layers of logic: 

 

1. Presentation Layer (Front): A unified Graphical User 

Interface (GUI) or browser that collects input, generates 

requests, and returns the results back to the user[10]. 

2. Application Layer (Middle): Application programs that 

collect the requests from the Presentation layer and process 

the requests based on the business rules, functions, or logics. 

3. Database Layer (Back): DBMS that manages the 

operational and business data throughout the whole enterprise 

and the user access to this information[11]. This layer may 

also include the operating system and the related hardware , 

since they are necessary for the system but transparent to 

users. As the basis of the ERP system, consolidating the 

business logic and the technical platform, will have the ERP 

system architecture as showed in Figure 1. 

 

 
                          Fig.1. ERP Architecture 

C. Core Components of ERP System  

The components that different ERP vendors provide may 

vary, as they will always have some inclines due to the 

historical problems, yet the core functionalities are nearly the 

same. These functionalities include : 

• Financial Management: which may includes the 

functionalities such as collection and payment 

management, payables and receivables management, 

assets and properties management, cash management, 

loans[12], financial consolidation, general ledger, 

treasury management, and planning and budgeting. 

• Human Resource Management: which may have the 

functionalities such as payroll management, self-service, 

learning management, benefits, recruitment, tutor, timer 

and labor management, and compensation management. 

• Manufacturing Management: which will provide the 

functions such as discrete manufacturing, process 

manufacturing, flow manufacturing, manufacturing 

scheduling, and shop floor management. Sales, 

Distribution, and Logistics Management, which includes 

the functions as order capture, services. 

• Vendors and Products: the major ERP systems 

vendors. SAP is one of the most prominent vendors of 

ERP[13]. Other vendors include PeopleSoft and Baan. 

However, PeopleSoft has been purchased by Oracle, and 

Oracle is emerging as a major ERP systems vendor. 

Furthermore, Oracle provides the server technologies 

that ERP applications could utilize, while SAP and Baan 

rely on various vendor products for server technologies. 

 
Fig.2. Components of ERP System 

 

D.  Security and Compliance Mechanisms in ERP 

Systems 

With the increasing centrality of enterprise resource 
planning (ERP) systems in managing business operations, the 
security of ERP platforms and compliance with regulatory 
mandates have become critical strategic concerns. Modern 
ERP deployments particularly those in cloud or hybrid 
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environments must embed comprehensive security 
architectures (access control, encryption, monitoring) and 
compliance frameworks (GDPR, ISO 27001, SOC 2) to 
protect sensitive data, ensure auditability, and maintain 
trust[14]. 

• Access management & authentication: implementing 
least-privilege, MFA, session monitoring, and granular 
module/data-level permissions. 

• Data protection & encryption: end-to-end encryption at 
rest and in transit, dynamic masking of sensitive fields, 
and secure cloud key management systems. 

• Auditability & compliance reporting: comprehensive 
logging across modules, real-time compliance 
dashboards, AI-driven anomaly scoring, and regulatory-
scope mapping[15]. 

• Integration governance & third-party risk: extension of 
ERP via APIs, partner modules, and SaaS components 
demands robust security vetting, semantic alignment, and 
continuous monitoring. 

INTEGRATION OF AI AND ML WITH ERP SYSTEMS  

Integrating AI and ML with ERP systems transforms them 
into intelligent, data-driven platforms. AI enhances analytical, 
operational, and cognitive capabilities, while ML models—
such as regression, decision trees, ANN, and LSTM—enable 
accurate forecasting and pattern recognition. By leveraging 
historical, real-time, IoT, and external data, ERP systems 
become adaptive, predictive, and strategic tools for improved 
decision-making and process optimization. 

E.  Artificial Intelligence in ERP Systems 

The development of the Artificial Intelligence (AI) within 
the world of Enterprise Resource Planning (ERP) systems 
involves the transition of the transactional platform to 
intelligent decision-supporting ecosystems. AI does not 
rearchitect the main ERP architecture; it is more of a cognitive 
added layer, which communicates with the ERP modules, 
processes enterprise data, and supports adaptable business 
processes. Such an outlook is more focused on functional 
alteration but not reorganization[16]. AI improves the ERP 
functions in three complementary aspects: 

• Analytical Intelligence: AI allows ERP systems to be able 
to analyze intricate datasets across organizational silos. 
Financial, operational, and human resource data Machine 
learning models detect trends in financial, operational and 
human resources, reveal latent correlations and produce 
forecasts. This analytical intelligence aids proactive 
decision making, risk aversion and plannings. 

• Operational Intelligence: AI adds automation and 
optimization to the ERP processes in addition to analysis. 
AI can cause context-dependent behaviors, like changing 
production schedules, suggesting purchasing orders[17], 
or detecting suspicious transactions, to provide smarts in 
everyday processes by observing transactions on the fly 
and participating in intelligent production. 

• Cognitive Interaction: AI supports an intuitive interaction 
with the ERP systems with the help of natural language 
interfaces, chatbots, and recommendation engines[18]. 
Employees and managers can make queries 
conversational toward the system, they can be guided by 
AI on recommendations and engage in a human-centered 

way with insights. This improves access, minimizes 
training overheads and decision cycles. 

In addition, the integration of AI promotes the continuous 
learning process and feedback. AI-enhanced ERP systems can 
be able to refine predictions and recommendations as new data 
is added, making operations more accurate with time. The 
outcome is a dynamic system in which ERP modules are not 
merely archives of past information, but also members of the 
organizational intelligence. 

F. Machine learning models 

The deployment of machine learning (ML) models within 

ERP (Enterprise Resource Planning) systems for predictive 

business analytics often leverages a spectrum of supervised 

learning techniques, ranging from classical regression models 

to tree-based methods, artificial neural networks (ANN) and 

recurrent deep learning models such as long short-term 

memory (LSTM). 

• Regression Models: Linear regression and its variants 

(e.g., ridge, LASSO) remain foundational for 

modelling continuous target variables in ERP-enabled 

analytics, such as forecasting demand or cash flow. 

These models are valued for their interpretability and 

low-computational cost[19]. For example, a 

comparative forecasting. regression as a baseline 

model before moving to advanced ML techniques. 

• Decision Trees & Tree-Based Methods: Decision 

Trees (DT) and ensemble derivatives like Random 

Forest (RF) are frequently used when ERP data 

exhibits non-linear relationships or mixed 

categorical/continuous features (eg., inventory class, 

vendor score)[20]. They offer better generalization 

over simple regressions, while still being more 

interpretable than deep networks. A comparing ML 

algorithms for demand forecasting in ERP contexts 

found that tree-based methods outperformed 

regression under complex data scenarios. 

•  Artificial Neural Networks (ANN): ANN models 

capture more complex, non-linear patterns and 

interactions within ERP datasets (e.g., multi-module 

transaction flows, supply-chain dynamics). However, 

they require larger datasets and careful tuning[21]. A 

broad review of ML applications reports ANN as 

among the most recurring techniques for prediction 

tasks.  

•  Long Short-Term Memory (LSTM) & Recurrent   

Models: When temporal/sequential data is involved 

(e.g., time-series sales, production schedules, ERP event 

logs), recurrent neural networks such as LSTM become 

relevant[22]. These models can learn long-term 

dependencies and handle varying sequence lengths. In 

demand forecasting studies for ERP, LSTM models 

frequently achieve higher accuracy than simpler methods 

albeit at higher computational cost and requiring more 

data. 

G.  Data pipelines and interoperability issues. 

These diverse data sources collectively strengthen ERP 

systems by providing both historical and real-time insights, 

facilitating predictive analytics, and supporting informed 

strategic decisions in defense logistics[23]. ERP systems 
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integrate multiple data sources to enhance decision-making, 

forecasting, and operational efficiency: 

 

• Historical Defense Logistics Data: Archived records of 

supply chain operations, inventory movements, 

procurement cycles, and mission support activities; 

useful for trend analysis and predictive modeling[24]. 

• ERP Transaction Logs: Real-time logs of procurement 

orders, inventory updates, maintenance schedules, and 

resource allocations; support efficiency monitoring, 

anomaly detection, and process optimization. 

• IoT-Enabled Equipment Monitoring: Sensor data from 

vehicles, aircraft, and facilities, tracking operational 

status, usage patterns, and wear indicators; enables 

predictive maintenance and maximizes equipment 

availability. 

• Open-Source Defense Procurement Records: External 

data on orders, contractors, and market trends; helps 

improve forecasting, risk assessment, and strategic 

supply chain decisions. 

 
Figure: Data Sources[25] 

 PREDICTIVE BUSINESS ANALYTICS IN ERP  

The integration of predictive business analytics within 

Enterprise Resource Planning (ERP) systems transforms 

them from retrospective transaction processors into proactive 

strategic engines. Predictive analytics leverages historical 

ERP data, machine learning algorithms, and real-time inputs 

to forecast future events such as demand changes, cash-flow 

variation, or operational bottlenecks and supports decision‐

making with foresight rather than merely reflection[26]. A 

recent systematic review found that embedding analytics into 

enterprise systems shifts their role from operational to 

strategic, yet adoption remains constrained by organizational 

and technical barriers. 

H. Opportunities enabled with Artificial intelligence 

As enterprises embed AI and ML capabilities into their ERP 

ecosystems, three analytics-driven use-cases are prominently 

emerging predictive maintenance, demand forecasting, and 

risk prediction. Together, these functions shift ERP from a 

descriptive and retrospective system into a proactive and 

predictive decision-support platform. 

•     Predictive Maintenance: Predictive maintenance 
leverages real-time sensor, machine usage and historical 
performance data to predict equipment failures and 
remaining useful life (RUL)[27], thereby reducing 
downtime and maintenance costs. Reviews show that 
ML models are now central to PdM implementations in 

industrial contexts. Within ERP-enabled environments, 
PdM can be integrated via the asset-management or 
manufacturing modules: the ERP ingesting IoT sensor 
data, executing ML inference, and triggering 
maintenance workflows automatically[28].  

•     Demand Forecasting: Demand forecasting involves 
predicting future customer demand, sales volumes or 
resource requirement critical for modules such as 
supply-chain management, inventory[29], production 
planning within ERP, scompared multiple ML models 
(Linear Regression, Random Forest, SVR) on ERP 
datasets and found that Random Forest and LSTM 
models significantly out-performed traditional methods 
in accuracy (MAE, RMSE, MAPE) though at higher 
computational cost. In AI-enabled ERP systems, 
demand-forecasting models feed into modules like 
inventory replenishment, production scheduling, and 
financial planning. 

•     Risk prediction: refers to anticipating events that may 
negatively affect business operations such as supply-
chain disruptions, financial risks, compliance violations, 
or system failures and embedding corresponding 
mitigating actions within ERP[30]. While specific large-
scale surveys of risk prediction in AI/ML-ERP are 
fewer, recent work in supply-chain disruption prediction 
within ERP contexts illustrates the capability. In an 
ERP-context, risk-prediction modules may feed alerts 
into procurement, production, or finance workflows to 
trigger contingency actions. 

I. Relationship between predictive analytics and ERP 

modules 

Predictive analytics transforms ERP modules from 

descriptive record-keepers into proactive decision engines by 

ingesting historical ERP data, external signals (IoT, market 

feeds) and streaming events, then producing score/forecasts 

that are embedded into ERP workflows (alerts, auto-actions, 

task routing). Integrating predictive models directly into ERP 

closes the loop between insight and execution so that 

forecasts or anomaly scores immediately trigger business 

processes (e.g., auto-reorder, work-order creation, exception 

routing). 

• Supply Chain & Inventory (SCM / Inventory 

Management): Demand forecasting, safety-stock 

optimization, replenishment, lead-time prediction, and 

supplier risk scoring[31]. Typical models: time-series 

(ARIMA, Prophet), tree ensembles (Random Forest, 

XGBoost), and sequence models (LSTM) when long 

temporal dependencies exist. Business 

metrics:MAPE/WAPE, MAE/RMSE, fill rate, inventory 

turns. Embedding forecasts in ERP enables automated 

reorder policies and scenario planning. 

• Manufacturing & Asset Management: Remaining 

useful life (RUL) estimation, failure prediction, 

condition-based maintenance scheduling[32]. Typical 

models: supervised classifiers (XGBoost), deep learning 

(CNN for vibration spectra, LSTM for multivariate time-

series), and hybrid physics-ML models. KPIs: downtime 

reduction, mean time between failures (MTBF), 

maintenance cost savings. In ERP, PdM outputs can 

auto-create maintenance work orders and adjust 

production schedules to minimize disruption.  
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• Finance & Accounting:  cash-flow forecasting, AR/AP 

aging prediction, automated reconciliation, 

fraud/anomaly detection[33]. Typical models: regression 

(for forecasting), anomaly detection (isolation forest, 

autoencoders), and graph-based methods for fraud[34]. 

Metrics: RMSE/MAE for forecasting; precision/recall, 

ROC-AUC for fraud detection. Predictive finance 

embedded in ERP enables proactive treasury 

management and automated exception workflows.  

• Sales, CRM & Customer Analytics: sales forecasting, 

customer churn prediction, lifetime value (CLTV) 

estimation, next-best-action recommendations. Typical 

models: gradient boosting for tabular customer data, 

recurrent nets for customer sequences, and recommender 

systems for personalization. Metrics: MAPE for sales, 

AUC/precision/recall for churn, uplift metrics for 

campaign models. When embedded in CRM/ERP, these 

models enable personalized pricing[35], targeted 

promotions and improved sales planning. 

J. Benefits for strategic and operational decision-making  

Modern digital technologies business analytics, AI/ML, big 

data platforms and integrated systems such as ERP transform 

the quality, speed, and scope of organizational decisions[36]. 

Systematic reviews and empirical studies show these 

technologies reduce uncertainty, reveal patterns not visible to 

humans, and enable both long-term strategy formation and 

day-to-day operational optimization. 

• Improved foresight and competitive positioning: 

Predictive analytics and AI provide forecasts of market 

demand, customer behaviour, and risk exposures that 

inform strategic planning (market entry, product 

roadmaps, capacity investment)[37]. This supports 

proactive strategy rather than reactive management. 

• Better alignment of resources with strategic goals: 

Analytics-driven KPIs and strategy-mapping 

frameworks (e.g., balanced scorecard informed by data) 

help translate high-level objectives into measurable 

initiatives and resource priorities across functions. This 

reduces wasted investment and improves strategic 

execution. 

• Enhanced operational responsiveness and 

automation: AI-enabled ERP systems automate routine 

processes—such as inventory replenishment, 

procurement scheduling, and workflow routing—while 

continuously optimizing operations using real-time data. 

This leads to faster cycle times, fewer manual errors, and 

improved responsiveness to operational disruptions, 

ultimately enabling more agile and data-driven decision-

making across the enterprise. 

LITERATURE REVIEW 

This section highlights related studies on the integration of 
Artificial Intelligence (AI) and Machine Learning (ML) 
within Enterprise Resource Planning (ERP) systems, 
showcasing their roles in enhancing predictive analytics, 
decision-making efficiency, process automation, and business 
intelligence across various organizational and industrial 
domains. 

Ranasinghe and Gide, (2025), aims to analyse the current 
trends and future directions of integrating Machine Learning 
(ML)into Enterprise Resource Planning (ERP) systems. In the 

approaching era of the Industrial Revolution 5.0, the ERP 
becomes a foundation for interconnection between logistics 
systems, production facilities, devices and other enterprise 
data sources. However, traditional ERP systems face 
challenges in handling the increasing complexity, volume and 
velocity of data in today’s dynamic and complex ebusiness 
environments.Findings reveal that ML algorithms 
significantly enhance ERP functionalities, including demand 
forecasting, inventory management, and quality control[38]. 

Wijaya, Wiratama and Desanti,(2025), explore the rapid 
digital transformation in industries has made Artificial 
Intelligence (AI) an essential tool for improving the accuracy 
and speed of strategic decision-making, ultimately enhancing 
company performance. Using Enterprise Resource Planning 
(ERP) systems is crucial and necessary for automating 
business operations toward digitalization. However, many 
companies still face challenges with technological innovation, 
leading to ERP implementation failures.the role of Intelligent 
Tutoring Systems (ITS). ITS can analyze data and predictive 
capabilities to boost productivity and support faster, more 
accurate decision-making for management[39]. 

Hermawan, Shanmugam and Rana, (2025), By integrating 
AI into ERP, organizations can enhance data management and 
streamline processes, leading to improved efficiency. AI can 
revolutionize different phases of ERP, from creation 
management to processing and report generation. Its 
application in ERP can automate redundant and repetitive 
tasks, freeing up employees to focus on more strategic 
activities. This utilization of AI in ERP,  the benefits it brings 
to decision-making, operational cost reduction, and 
productivity improvement. The illustrate real-world examples 
of AI implementation in ERP[40]. 

Fathima et al.,(2024), provides a comprehensive of the 
transformative effects of AI-driven demand forecasting across 
diverse industries, including fashion retail energy 
management, and transportation. The unique benefits of AI-
driven demand forecasting, such as anticipating customer 
needs, optimizing inventory levels, and making data-driven 
decisions, ultimately leading to a competitive edge in the 
marketplace. The importance of AI integration into ERP 
systems for businesses seeking to enhance decision-making 
and achieve organizational success in today's dynamic and 
competitive business landscape. By providing valuable 
insights and showcasing significant improvements in 
forecasting accuracy, real-time insights, efficiency, and risk 
management facilitated by AI-based predictive analytics[41]. 

Jawad and Balázs, (2024), provides a comprehensive 
analysis of the integration of machine learning algorithms 
across several ERP applications by conducting an extensive 
literature assessment of recent publications. By synthesizing 
the latest research findings, this comprehensive review 
provides an in-depth analysis of the cutting-edge techniques 
and recent advancements in the context of machine learning 
(ML)-driven optimization of enterprise resource planning 
(ERP) systems. It not only provides an insight into the 
methodology and impact of the state-of-the-art but also offers 
valuable insights into where the future of ML in ERP may 
lead, propelling ERP systems into a new era of intelligence, 
efficiency, and innovation[42]. 

Mhaskey, (2024), paper delves into the intricacies of AI 
integration in ERP systems, highlighting significant 
opportunities such as improved predictive analytics, 
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intelligent automation, and personalized user experiences. For 
instance, studies indicate that businesses adopting AI-driven 
ERP solutions have experienced over a 30% increase in user 
satisfaction and a 25% boost in productivity due to enhanced 
personalization of interfaces. Remarkably, over 50% of 
organizations plan to incorporate AI capabilities within the 
next two years, signifying a notable shift towards more 
efficient operations and strategic decision-making. The paper 
synthesizes literature, case studies, and expert opinions to 

provide valuable insights into the evolving role of AI in 
shaping the future of ERP systems[43]. 

Table I provides a summary of the integration of Artificial 
Intelligence (AI) and Machine Learning (ML) within 
Enterprise Resource Planning (ERP) systems, including the 
study focus, approach, key findings, identified challenges or 
limitations, and future research directions. 

TABLE I.  COMPARATIVE ANALYSIS OF RECENT STUDIES ON AI AND ML INTEGRATION WITH ERP SYSTEMS 

Reference Study On Approach Key Findings Limitations Future Directions 

Ranasinghe 

& Gide 
(2025) 

ML integration 

trends in ERP for 
Industry 5.0 

Literature-based 

analytical review of 
ML-enhanced ERP 

functionalities 

ML significantly improves 

demand forecasting, inventory 
management, and quality 

control; ERP becomes central to 

interconnected Industry 5.0 
environments 

Lack of empirical 

validation and limited 
performance 

benchmarking; 

absence of real-world 
implementation studies 

Develop experimental ML-

ERP prototypes; conduct 
comparative algorithm 

evaluations for predictive 

business analytics; test 
scalability in Industry 5.0 

settings 

Wijaya, 
Wiratama & 

Desanti 

(2025) 

AI and 
Intelligent 

Tutoring Systems 

(ITS) for 
enhancing ERP 

decision-making 

Conceptual analysis 
focusing on digital 

transformation and 

ITS integration 

AI and ITS enhance strategic 
decision-making accuracy, 

speed, and ERP operational 

automation 

More focus on 
adoption challenges 

than technical 

integration; limited 
predictive analytics 

discussion 

Explore ITS-driven 
predictive analytics models; 

develop frameworks 

combining ITS with ERP 
predictive modules; assess 

AI adoption maturity models 

Hermawan, 

Shanmugam 
& Rana 

(2025) 

AI integration 

across ERP 
lifecycle phases 

Review with 

practical examples 
of AI-enabled ERP 

process automation 

AI automates tasks, improves 

efficiency, and supports better 
decision-making; enhances 

reporting and process workflows 

No detailed evaluation 

of AI model accuracy, 
performance metrics, 

or predictive capability 

Conduct performance-based 

AI/ML evaluations; integrate 
predictive analytics 

workflows into ERP phases; 

create KPI-based AI impact 
measurement frameworks 

Fathima et 

al. (2024) 

AI-driven 

demand 
forecasting 

within ERP 

environments 

Multi-industry 

analysis of AI 
forecasting 

applications 

AI enhances forecasting 

accuracy, inventory 
optimization, real-time decision-

making, and risk management 

Limited to forecasting; 

does not address other 
ERP modules (finance, 

HR, supply-chain 

planning) 

Expand AI predictive 

analytics to other ERP 
domains; design unified AI-

ERP analytics architectures; 

empirical testing across 
diverse datasets 

Jawad & 

Balázs 
(2024) 

ML-driven 

optimization of 
ERP systems 

Systematic review 

of recent ML 
techniques applied 

to ERP 

Provides in-depth insight into 

cutting-edge ML methods for 
ERP optimization and future 

pathways 

Lacks real-world case 

studies and 
experimental ERP 

datasets; conceptual 

rather than empirical 

Establish standardized 

evaluation metrics for ML in 
ERP; explore dataset 

creation for ERP-ML 

research; validate ML 
techniques in live ERP 

systems 

Mhaskey 

(2024) 

Opportunities 

and challenges of 
AI-enabled ERP 

systems 

Synthesis of 

literature, case 
studies, and expert 

insights 

AI improves personalization, 

productivity (+25%), and user 
satisfaction (+30%); rising 

organizational plans to adopt AI 

No detailed technical 

breakdown of AI/ML 
models; lacks 

predictive analytics-

specific findings 

Investigate ML models for 

ERP predictive analytics; 
quantify impact of AI on 

core ERP KPIs; develop 

advanced intelligent 
automation modules 

CONCLUSION AND FUTURE WORK 

The integration of Artificial Intelligence (AI) and Machine 
Learning (ML) with Enterprise Resource Planning (ERP) 
systems marks a significant evolution from traditional data 
management platforms to intelligent, predictive, and adaptive 
business ecosystems. AI and ML augment ERP capabilities by 
providing analytical intelligence for trend detection, 
operational intelligence for process optimization, and 
cognitive interaction through user-friendly interfaces such as 
chatbots and recommendation engines. The deployment of 
ML models—including regression, tree-based methods, 
neural networks, and recurrent models—enables precise 
forecasting, anomaly detection, and pattern recognition across 
finance, manufacturing, supply chain, and customer 
management modules. Predictive analytics embedded within 
ERP systems empowers organizations to anticipate equipment 
failures, optimize inventory and production schedules, 
forecast demand accurately, and proactively manage risks. 
This integration not only improves operational efficiency but 
also enhances strategic decision-making, resource alignment, 

and organizational agility. Despite challenges related to data 
interoperability, model deployment, and adoption barriers, 
research indicates substantial benefits in accuracy, 
automation, and decision support. Future research should 
focus on empirical validation of AI/ML models in ERP 
environments, the creation of standardized evaluation 
frameworks, and the exploration of emerging AI technologies 
for enhanced predictive capabilities. Ultimately, AI/ML-
enabled ERP systems represent a transformative pathway for 
organizations seeking competitive advantage in a dynamic, 
data-driven global economy. 
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